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Abstract
The purpose of this thesis is to contribute to the literature on hedge fund
performance and risk analysis. The thesis is divided into three major chap-
ters that apply novel factor model (Chapter 2) and return replication ap-
proaches (Chapter 3) as well as using hedge fund holdings information to
examine the disposition effect (Chapter 4).
Chapter 2 focuses on the implementation of an efficient Signal Process-
ing technique called Independent Component Analysis, in order to try to
identify the driving mechanisms of hedge fund returns. We propose a new
algorithm to interpret economically the independent components derived
by the data. We use a wide dataset of financial linear and non-linear fac-
tors and apply the classification given by the independent component factor
models to form optimal portfolios of hedge funds. The results show that our
approach outperforms the classic factor models for hedge funds in terms of
explanatory power and statistical significance, both in and out of sample.
Additionally the ICA model seems to outperform the other models in asset
allocation and portfolio construction problems.
In chapter 3 we use an effective classification algorithm called Support
Vector Machines in order to classify and replicate hedge funds. We use
hedge fund returns and exposures on the Fung and Hsieh factor model in
order to classify the funds as the self declared strategies differ significantly in
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the majority of cases from the real one the funds follow. Then we replicate
the hedge fund returns with the use of the Support Vector Regressions and
we conduct: external replication using financial and economic factors that
affect hedge fund returns.
Finally in chapter 4 we examine whether hedge funds exhibit a disposi-
tion effect in equity markets that leads to under-reaction to news and return
predictability. The tendency to hold losing investments too long and sell
winning investments too soon has been documented for mutual funds and
retail investors, but little is known about whether holdings of sophisticated
institutional investors such as hedge funds exhibit such irrational behaviour.
We examine the previously unexplored differences in the disposition effect
and performance between hedge and mutual funds. Our results show that
hedge funds’ equity portfolio holdings are consistent with the disposition ef-
fect and lead to stronger predictability than that induced by mutual funds’
disposition effect during the same sample period. A subsample analysis re-
veals that this is due to a relatively more pronounced moderation in the
disposition-induced predictability in mutual fund holdings, which may, for
example, be related to managers learning from their past suboptimal be-
haviour documented by earlier studies.
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1. Introduction
The hedge fund industry has grown significantly in recent decades and as-
sets under management have reach about USD 2 trillion.1 As hedge funds
become more popular as investment vehicles, , many researchers have tried
to shed light on their nature trying to explain the risk associated with them,
replicate them and classify them according to their characteristics.
This thesis represents an attempt to combine new powerful quantitative
tools in an integrated framework in order to analyze and understand the
mechanisms that drive hedge fund returns. The goal of this research en-
deavor is to develop a robust method that will identify the risk factors of
hedge fund returns and allow us to form optimal portfolios of hedge funds
well diversified, in the sense of high and persistent returns and lower risk, in
order to outperform standard linear models and the market. Additionally,
more accurate techniques for Risk Management are proposed.
The main subjects that are investigated here are the decomposition of
risk of hedge fund returns, the classification and replication of them in
a month to month basis and the exploration of the disposition effect that
may affect hedge fund managers. For the risk decomposition we propose the
use of Independent Component Analysis (ICA). ICA is a signal processing
technique that allows us to extract internal factors for hedge funds, thus
1http://www.finalternatives.com/node/9918
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providing alternative betas and alphas than the usual and well established
factor models in the field of finance.
The task of classifying and replicating hedge fund returns is addressed
here by means of Support Vector Machines, a statistical tool that pro-
vides globally optimum classification and regressions in a non linear context.
Replication is done externally, by using external financial and economic fac-
tors.
Finally in order to investigate further the black box nature of hedge funds
we study the presence of the disposition effect in their trades, a well docu-
mented effect in equity trades majorly done by mutual funds, and how one
can take advantage of this limitation in order to create long/short equity
strategies.
This thesis is organized as follows: In the first chapter we present some
basic characteristic of hedge funds and their returns and present a general
literature review of hedge fund research.
In the second chapter we use the technique of Independent Component
Analysis in order to obtain internal factors for hedge funds. Then we trans-
form them into an interpretable and investable index and present a new
factor model scheme. We show that we obtain factor models with higher
explanatory power and alphas with higher predictive power. As a result of
this research we get more accurately identify the risk exposures of a given
fund In the third chapter we try to classify and replicate individual hedge
funds by using Support Vector Machines. Due to data availability we rely
on self declared investment objectives to categorize funds. By using SVM
we are able to classify funds according to their past returns and risk expo-
sures. Additionally after we characterize them properly we try to replicate
them using Support Vector Regression.
16
In the fourth chapter we investigate the disposition effect in hedge funds.
The disposition effect is the tendency that investors have to sell stocks
too early or hold them too much. It is well documented for mutual fund
managers but this is the first attempt to see if it is present in hedge funds as
well. Furthermore we create portfolios of equities according to the exposure
of different hedge funds on the effect in order to achieve a high and stable
alpha.
Finally in the fifth chapter we conclude our findings, discuss potential
limitations and we suggest further researching the areas of assessing the
risk, replicating and identifying the disposition effect in hedge funds
1.1. Basic Characteristic of Hedge funds returns,
Data and Statistical Properties
Hedge funds have quite unique characteristic that make them very distinct
in comparison with more traditional asset classes like mutual funds or money
market products. Because of the less stringent regulation, hedge funds
are able to use strategies like leverage (usually through margin accounts),
short - selling and make extensive use of derivatives. These facts make
hedge funds exhibit very different behaviour from classic asset classes. In
addition, a number of biases can be observed in hedge Fund data, as the
actual portfolios held by hedge funds, are not observable and are not traded
publicly in an organized market like stocks or bonds. (the performance
of the stocks of the hedge fund companies that are listed do not reflect
the performance of the underlying and buying their stocks it is different
than investing in their funds directly). There are special organizations that
gather data from fund managers and the subjectivity of the procedure may
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produce biased data.
In their paper that investigates strictly the statistical properties of Hedge
funds, Brooks and Kat (2001) examine the characteristics of a number of
Hedge Fund indices, taken from all the available. Their findings are very
interesting. They divide the Hedge Fund universe in 9 basic categories,
according to the particular strategies each fund uses. The indices represent
these categories. What they found is that while Hedge funds exhibit higher
returns and lower variance than traditional asset classes, they also show
significant negative skewness and high positive kurtosis. Additionally, they
show autocorrelation of first order, something that led to overestimation
of their performance. Sharpe ratios are considerably lower, when the data
are unsmoothed, so as to remove autocorrelation. In terms of correlation
with other asset classes, they show that the majority of the indices exhibit
low correlation with the stock market but they are not uncorrelated. At
this point we have to point the above analysis is based on unconditional
moments and distributions, something that may lead to wrong conclusions,
as unconditional moments in cases may not be possible to reflect the future,
as there might occur structural breaks or jumps. Thus, the main conclusion
they reached, is that hedge fund returns are quite different than traditional
asset’s returns, with strong evidence of non-normality. Furthermore, higher
moments have to be under consideration when one analyses the properties
of Hedge Fund returns, making the mean - variance approach of Markowitz
(1952) unsuitable.
Amin and Kat (2002), add hedge funds in traditional portfolio allocation
and got comparable results, showing that the inclusion of alternative in-
vestment vehicles in classic asset portfolios result in an improvement in the
mean - variance context, but as Brooks and Kat, skewness and kurtosis are
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significantly worse, exhibiting higher negative skewness and higher kurtosis,
two characteristics that are undesirable for investors.
Regarding the biases one can observe in hedge Fund data, Fung and
Hsieh (2000) investigate these aspects. A number of biases in the data
are recognized like: instant history biases, survivorship bias, fund selection
bias, frequency of data (yearly and monthly only data) and manager’s self
report biases. This is a very serious problem when one deals with historical
fund data and pre-process of the data like unsmoothing, including dead
funds in the dataset and possible multiple verification of data across more
than one data vendors should be done. The authors suggest funds of hedge
funds indices as a proxy of the Hedge Fund market, in order to overcome
these problems and obtain a benchmark that characterizes fund returns with
almost no biases.
1.2. From Factor Models to Principal
Components Analysis
Many researches try to explain the distinctive nature of Hedge funds, by
analyzing their return dynamics and identifying the factors that explain
their behavior. This information can be used to create a diversified hedge
fund portfolio. . Many approaches have been proposed for identifying these
mechanisms. The most usual is using factor models in the sense of APT.
Fung and Hsieh (1997) in a classical paper they try to categorize Hedge
funds in investment styles using Sharpe’s (1992) framework. They use the
classical factor approach where the returns of an asset are linear combina-





bκtFκt + uκt (1.1)
where Rt is the return of the individual Hedge Fund at time t, α is the
intercept (the excess return in the CAPM framework), bk are the loadings
of factor k, Fkt is the value of the factor k at time t and ut is the residual.
They perform linear regressions in returns of Hedge funds with a number
of indices representing the actual factors. Under the context of Sharpe,
they use indices to represent equity, bond, money and currency markets.
They found that the factor model, while performed very well in terms of R2
for the mutual funds (median above 75%), it gave poor results in the case
of Hedge funds. The median variation explained by the standard factors
in the latter case is below 25%. The above results are clear evidence that
while mutual funds (which follow buy - and - hold strategies) produce linear
returns because of their nature, in the case of Hedge funds, factors and
returns have an obvious non linear relationship. This non - linearity can
be justified because of the dynamic investment strategies that the fund
managers apply.
In order to allow the model to include proxies for these dynamic strategies,
the authors use intrinsic factors based on the structure of the data itself, i.e.
Principal Components Analysis (PCA). PCA decomposes multivariate data
into uncorrelated components. The difficult part though, is to explain the
components economically, as these components are just weighted averages
of hedge fund returns and PCA does not give an interpretation for these
numbers. Fung and Hsieh construct portfolios of the available funds of their
database with the constraint of maximum correlation with each of the five
factors they got from PCA. Then by using the disclosure documents of each
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fund that is allocated to each of the five portfolios consisted of five ”style
factors”, they interpret these portfolios as the following Hedge Fund styles:
Opportunistic, Global - Macro, Value, Trend Followers and Distressed. The
styles are regressed on the eight factors of Sharpe’s model in order to verify if
this method succeeds in approximating the Dynamic strategies. Although
they got higher R2, they are still lower than the case of mutual funds,
implying that there are still non - linear relationships between the style
factors and the fund returns. After conducting scenario analysis they show
that style factors behave towards certain standard asset classes in an option
- like way. We will suggest later advanced non - linear, non - parametric
models that overcome this problem.
Although this paper is a first attempt to understand better the area of
hedge funds using intrinsic or internal factors analysis, it suffers from a
number of drawbacks. Firstly, the analysis is only based on in - sample
performance, using classic metrics like R2, making unable to test the per-
formance of the model under a real investment problem. Secondly, the
authors propose to use the model under the standard mean - variance con-
text without taking under consideration higher moments. As we discuss
above, higher moments of Hedge Fund returns play a vital role in their dis-
tribution and we should not assume normality, as this is not true for the
case of Hedge funds. This is actually the main problem using PCA, due to
the fact that PCA uses only the first two moments, producing components
that are uncorrelated but they have dependence in higher moments.
After Fung and Hsieh many researchers try to use relevant models in order
to understand the data generator process that rules Hedge Fund returns.
Brown and Goetzmann (2001) propose a slightly different approach than
the classic factor model of equation (1.1). They use a methodology called
21
”Generalized Style Classification”, an algorithm that first is introduced in
Brown and Goetzmann (1997), so as to allocate a style to each fund. In
this way one can understand the sources of risk he bears by investing in this
fund. They regress Hedge Fund returns with expected returns of each style,
conditional on the respective factor value, using generalized least squares.
For the performance evaluation of their model, they use in- sample metrics
like R2 and adjusted R2. The results they got are similar to Fung and
Hsieh, obtaining on average about 20% of explanatory power. Additionally
they compare their model with the index model of Sharpe and the PCA
approach of Fung and Hsieh. When 8 investment styles are taken under
consideration, the GSC algorithm slightly outperforms the other two. But
in the case of 5 styles, all three methods produced the same results (around
16% of adjusted R2 ).
In any case it is more than obvious that the cross - sectional variation
explained by different models and factors is quite low, something that im-
plies non linear relationships between Hedge Fund returns and factors and
dynamic trading strategies (short - sales, leverage etc). Moreover, the au-
thors do not give any out - of sample applications. This is e very important
issue for someone who wants to invest in the Hedge Fund universe. It is not
clear how this algorithm can be useful in asset allocation problems or risk
management. A solid framework that deals with these matters is essential,
in order to derive the most of these factor models.
Amenc and Martellini (2002) build on previous research. The purpose of
their paper is to subtract from the data the true correlation structure that
drives their co-movements using PCA. To do this they transform their data
set of N correlated variables into a set of internal factors (which are orthog-
onal), that can reflect the real correlation structure of the data, cleaned
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from noise and metric errors. In this way the factors taken from PCA, will
tell the truth about the driving mechanisms of the data. Then they use
this new correlation matrix under a standard mean - variance context, to
construct minimum variance portfolios of Hedge funds, using the CSFB /
Tremont index set. Additionally they construct minimum variance portfo-
lios with an extra constraint of a certain tracking error and they compare
these portfolios with the market (represented by S&P 500) under an out - of
- sample context. Their results indicate that while the ex - post differences
in returns between the market and their Fund of Hedge funds are not sig-
nificantly different, the ex - post volatility of minimum variance portfolios
is significantly lower (between 1.5 and 6 times lower). This means that the
optimal portfolios had a much smoother path during the out - of - sample
period (March 97 - December 01).
Although the results are promising some problems may arise. The model
does not take into account higher moments. The skewness of the minimum
variance Hedge Fund portfolio shows ex - post negative skewness (slight,
but negative), something that is not desirable to investors. Furthermore,
the choice of the minimum variance portfolio is not a reasonable choice by
many investors, especially those who invest at so aggressive funds like Hedge
funds and are prepared to bear risk for much higher returns. Other more
realistic approaches using a family of Utility functions may be much more
appropriate for constructing optimal portfolios. One may argue that esti-
mating returns may be quite difficult, but Amenc, El Bied and Martellini
(2002) found strong evidence of predictability in Hedge Fund returns, us-
ing however Indices of hedge funds rather than individual ones, something
that makes prediction easier due to averaging effects. Highly sophisticated
models that we will discuss later, may be accurate enough to model re-
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turns and lead to effective out - of - sample results. In a more recent paper
Alexander and Dimitriu (2004) use PCA in order to construct portfolios
of Hedge funds and they compare it with a number of alternative factor
models. The models they use are a simple two factor model representing
the US equity market and the Bond market as the only sources of risk, a
multifactor model using a vast number of fundamental factors like equity
indices, bond indices, macroeconomic factors and other factors representing
non - linear relationships like: market timing and volatility trading (this
approach for modeling non - linearity with specific factors are introduced
by Fung and Hsieh (1997)), a multifactor model using Hedge Fund indices
from HFR, and the PCA model. Their approach is a combination of the
classic Fung and Hsieh paper and the Amenc and Martellini. They use a
method proposed by Plerou et al. (2002) to find the optimal number of
principal components and then they form investable portfolios according to
Fung and Hsieh in order to interpret economically the principal components.
The analysis is based both in - sample and out - of - sample contexts. In
terms of fitting the data, the PCA model outperforms the other approaches,
but again the explanatory power is relatively low (average R2 of 39%), but
higher than those of other researchers. For the out - sample - application,
they construct minimum variance portfolios of Hedge funds, based on the
corrected correlation matrix, as in Amenec and Martellini, while the selec-
tion of the funds is based on the alpha they got from the PCA model. Their
results show that the minimum variance portfolio gave similar returns with
the benchmarks they used, but again the evolution of the value of the port-
folio during the test period is much smoother, an indication of lower ex -
post volatility, being in line with Amenec and Martellini’s findings.
These papers are the first approach so as to create a solid framework for
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Hedge Fund portfolio allocation using the powerful tool of PCA. However
Alexander and Dimitriu’s paper suffers from the same problems as Amenc
and Martellini. They report excess kurtosis and negative skewness as well,
while they use only minimum variance portfolios. Additionally, the low R2
show again strong evidence of non - linear relationship between the factors
and the models.
1.3. Hedge Fund returns modeling, optimization
and diversification
As we have seen so far, the few papers that contain Hedge funds portfo-
lio construction use the standard mean - variance approach of Markowitz.
In particular, the minimum variance portfolio is the one that is under in-
vestigation, making the assumption that investors want only to minimize
risk, regardless of the return. Results based on minimum variance portfolios
show that it works quite well out - of - sample, giving on average the same
return as the various benchmarks (S&P 500, equally weighted portfolios,
etc) but significantly lower ex - post volatility and an evolution of wealth
quit smooth.
Despite the relative good results, there are a number of problems regard-
ing this approach. In most of the papers they consider only the second
moment, assuming that predictability in returns is not possible. In reality,
a family of utility functions may be much more appropriate and realistic in
defining investors’ preferences. Amenc, El Bied and Martellini (2002) show
that there is strong predictability in Hedge Fund returns, while Avramov,
Kosowski, Naik and Teo (2007) show that when they take into account in
their portfolio analysis predictability in Bayesian means, they found im-
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provement in the performance of their portfolios.
Additionally, modeling hedge fund returns can be a very challenging task.
Advanced models taken usually from Electronic Engineering, Signal Pro-
cessing and Artificial intelligence outperform classic econometrics models
like ARIMA or VAR. In the case of ICA there are few researchers that
model financial returns. Oja, Kiviluoto and Malaroiu (2000) propose an
algorithm based on ICA for forecasting financial time series. Their model
outperforms an AR model that is used as a benchmark. Popescu (2003) use
ICA under a multivariate context. His results show that using ICA is better
than doing direct forecasts. Cichocki, Leonowicz, Stansell and Buck (2005)
found similar results. Furthermore, non - linear, non - parametric models
should be considered, as well.
However, one of the most important issues is the fact that the minimum
variance portfolios exhibit negative skewness and excess kurtosis as showed
in Amin and Kat (2002), two properties that are highly undesirable by
investors. In simple words this means that there are higher probabilities
that extreme return movements will occur and in particular negative. In
the case of hedge funds this is exactly the case and a more sophisticated
framework has to be applied.
Research in optimization with higher moments has proven to be a promis-
ing field that can give solutions in the above mentioned problem. Harvey et
al. (2004) give a solid framework of optimization with higher moments and
model parameters uncertainty that can be used in a Fund of Hedge funds
application. They use the skew normal distribution to model multivariate
returns and Bayesian methods to consider uncertainty in the parameters of
the predictive distribution of returns. Their results are quite promising, but
a number of problems have to be considered like the fact that there is no
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out - of - sample test of the model and that the analysis is only based on
past returns.
Davies, Kat and Lu (2005) propose a Polynomial Goal Programming ap-
proach, based on higher moments portfolio optimization for Funds of Hedge
funds. Instead of the maximizing mean and minimizing variance approach
they construct portfolios by maximizing mean and skewness and minimiz-
ing variance and kurtosis. They found that investors’ preferences play a
crucial role in defining the optimal fund allocation, as there is a trade - off
between the desired level of each moment. Thus an investor may be much
more flexible in choosing the appropriate funds, according to his preferences
towards risk (represented by the 2nd, 3rd, and 4th moments) and returns.
Again, they did not do an out - of - sample application to see how this
model could be applied in reality. Finally they found strong evidence that
Equity Market Neutral and Global Macro Funds play the role of volatility
and kurtosis reducers and skewness enhancers, respectively and that Hedge
funds should replace stocks and not bonds (this is the common practice),
as they do not seem to mix well in a portfolio.
To conclude, the important matter of diversification is analyzed by Lhabi-
tant and Learned (2002). They argue that while diversification works well
in the case of Hedge funds portfolios by leaving returns stable and reduc-
ing variance, it should be treated with caution. Higher Moments tend to
increase dramatically when we include a significant number of funds in the
portfolio. Additionally, correlation with classic asset classes increases, as
well. They propose that a number of 5 to 10 funds would be enough for
the investor to derive the benefits of diversification without experiencing
negative effects.
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2. Optimal Investment Strategies




In this paper we introduce a new method which is a combination of the Fac-
tor Models and Artificial Intelligence and Signal Processing techniques. We
use Independent Component Analysis (ICA), a Signal Processing technique
similar to PCA, but the component are derived from non - Gaussian data
and apart from uncorrelated are mutually independent, in order to obtain
internal risk factors for our Hedge Fund dataset. We then interpret these
factors economically using a big set of linear and non linear financial and
economic indices, in order to obtain much higher explanatory power of our
model, than the usual factor model approach use.
The Alternative Investment universe has grown significantly over the last
decade, as investor are looking for riskier, more complicated and of course,
more profitable investment opportunities. hedge funds are a very good can-
didate for these purposes. However, a big debate has risen in academia
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and between market participant regarding the performance and risks that
Hedge fund bear. Due to lack of regulation, disclosure and advertisement,
the black box - opaque nature of hedge funds, investors usually do not know
which exactly the strategies the fund managers are following are. For this
reason and because of recent big reported losses (for example the case of
LTCM) people have questioned the abilities of fund managers to deliver
superior returns. Recent works show nonetheless, that hedge funds deliver
alpha, which may be attributed to the abilities and superior strategies that
managers use and they gain a big stake in the investments universe through
the inclusion of hedge funds as an alternative asset class included in a port-
folio of standard asset classes like stocks, bonds and currencies, or investing
in Funds of hedge funds (FoHF).
For this reason, researchers have tried to obtain models that can explain
the behaviour of hedge funds, identify and measure their risk, and in general,
optimally form portfolios. In contrast with Mutual Funds that everything is
transparent and we have a plethora of data including fund holdings, returns,
cross-sectional features etc, Hedge Fund data is given by special vendors that
each individual fund may or may not give information, that is limited in
monthly returns after fees and in some rare cases the amount of total net
assets (TNA). Consequently, for all the above reasons mentioned one may
find a number of proposed methods in the literature or methods proposed
by practitioners that try to shed some light to what hedge funds are doing.
According to the literature and practice and as AllAboutAlpha.com notices,
so far, three are the dominant approaches: Factor models, Distributional
Replication methods using copulas and other statistical tools and Artificial
Intelligence and Signal Processing techniques, the so called mechanical or
computational trading.
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Factor models is the most commonly used method and it is already used
by a number of big Investment Banks and hedge funds like Goldman Sachs,
JPMorgan and Merill Lynch.1 This method is trying to find linear re-
lationships with financial risk factors like stock market movements, bond
spreads, macroeconomic indicators etc, under the Arbitrage Pricing Theory
(APT). Under this context one has to identify all the possible risk sources
that the fund is bearing, find the appropriate betas and then get alphas as
an indicator of superior management performance, if the alpha is positive
and statistically significant or as an indicator of underperformance and bad
management if the alpha is negative. There are a number of well known
papers regarding factor models for hedge funds in the literature and will be
analysed shortly.
The other important category includes a vast group of methods of Artifi-
cial Intelligence and Signal Processing techniques, like Technical Analysis,
Genetic Algorithms, Neural Networks, Support Vector Machines etc, that
while they are not very popular in academia, they are used extensively by
practitioners, and slowly they gain the attention of academics, as well.
Empirical results show that the new approach using ICA explain better
both individual Hedge Fund returns and Hedge Fund Indices. The Indepen-
dent Components are clearly interpreted using an alternative method based
on the Schwartz Criterion and give an inside where and which strategies
hedge funds managers are following.
The rest of the paper is organized as follows: In part 2.2 we present the
relevant literature in the area of asset pricing models for hedge funds and
describe the motivation behind this work in part 2.3. Part 2.4 contains
the methodology and algorithms to obtain and interpret the Independent
1See Papageorgiou, Remillard and Hocquard (2007) and AllAboutAlpha.com,
19/07/2007.
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Components. Part 2.5 describes the data we use and part 2.6 has the
empirical analysis and part 2.7 contains the out of sample analysis. Finally,
in part 2.8 we have the conclusions and suggestions for further research.
2.2. Relevant Literature2
The first to introduce factor based models for Hedge Fund returns are Fung
and Hsieh (1997) in a classic paper. They use PCA in order to extract the
factors internally and came with a five factor model. Although their results
are better than those given by classic APT models, like Sharpe’s (1992),
the explanatory power of the model is fairly low. Additionally this is the
first paper to identify non linearities (for example option - style behaviour
of the fund returns in relationship with a certain asset class and leveraged
positions) that exist in Hedge Fund returns. Amenc and Martellini (2004)
and Alexander and Dimitriu (2004), extend the original idea of Fung and
Hsieh by introducing Random Matrix Theory, in order to form optimal
portfolios of hedge funds. They both found that these portfolios give in
average the same return with the market but with about six time lower
volatility. However the explanatory power of their models is again relatively
low.
Some other researchers follow a more traditional way, trying to identify
economically the appropriate risk factors and then regressed those factors to
excess Hedge Fund Returns, under the Fama - French context. Jaeger and
Wagner (2005) use classic factors from a broad number of markets (equities,
convertibles, bonds, commodities, Hedge Fund Indices etc) plus a number
of trend following factors, for separate Hedge Fund strategies. They found
2For an extensive analysis of the relevant literature see Amaxopoulos (2007).
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that for some strategies their model works quite well, while for some others
the model explains very little of the variation of the returns. In a recent pa-
per Hasanhodzic and Lo (2007) propose a simple six factor model for hedge
funds to create replicated returns. The factors they propose cover most of
the different asset markets that Hedge Fund usually invest to: the S&P 500,
the USD Index, the Goldman Sachs Commodity index, the Lehman Corpo-
rate AA intermediate Bond Index, the VIX implied volatility index and the
spread between Lehman BAA and treasury index. Their findings are similar
to Jaeger and Wagner, concluding that their linear alternative replicas work
well for certain strategies and in general they may be a good and easy way
to benchmark for Hedge Fund performance or invest alternatively.
The previous works contain linear factor models, using linear factors,
like equity indices, to explain Hedge Fund returns. As we note before,
hedge funds are using complicated trading strategies with extensive use of
derivatives and leverage. As a result these linear factors do not capture
the non linear relationships of the Hedge Fund returns. Fung and Hsieh
(2001) are the first to propose the use of synthetic non-linear factors under
the linear factor theory. They use lookback straddles in order to obtain
synthetic returns for a Trend Following factor. They then regress linearly
this non linear factor to CTAs funds, which are described as trend following
funds and found that their factor explain a very significant amount of return
variation, in comparison to standard asset classes that had no explanatory
power. Agarwal and Naik (2004) extend the idea to the equity market
introducing a risk arbitrage factor by using in, at and out of the money
calls and puts to the S&P 500. Then they use these non-linear factors with
classic linear buy and hold factors, similar to those used by Hasanhodzic
and Lo (2007) and Jaeger and Wagner (2005). Their results show that using
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such factors added significant value to the explanatory power of their model,
in accordance with Fung and Hsieh (2001).
Finally Olszewski (2006) introduces ICA with an application to Hedge
Fund returns. He uses ICA to long/short equity funds to identify common
factors. He found that ICA explains better than PCA the underlying be-
haviour of fund returns, but did not proceed further to a real life application
like portfolio creation or risk management techniques based on his method.
2.3. Motivation
As it is shown above, there are many approaches that try to solve the mys-
tery behind hedge funds. However, there are some gaps that this work tries
to fill. Factor models are a well known technique, used in asset pricing and in
Finance in general, for many years now. Although models like the three fac-
tor Fama - French (1992), the four factor Cachart (1997) and Sharpe’s model
(1992) work very well with Mutual Fund returns, this not the case when
we are studying Hedge Fund returns, due to their complicated and dynamic
nature. The papers discussed before improved significantly the explanatory
power of classical APT models, but still, there are certain drawbacks that
one may try to investigate.
It is a very difficult task to identify economically which might be the ex-
ternal risk factors that influence Hedge Fund returns. Usually one conducts
stepwise regressions or does the other way around by trying to identify risk
factors by economic justification. Fung and Hsieh (1997) introduce the use
of Principal Component Analysis, a well known statistical tool they use in
order to derive the risk factors internally. If one can interpret economically
the factors, he or she may have a superior model, as it is better to derive the
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factors directly from the data, than trying to find them externally. Even
though PCA usually gives better results than classic asset pricing models,
there are some problems regarding the method. The components it gives are
uncorrelated but not independent, as it only uses only the first two moments,
and are orthogonal. Additionally it needs Gaussian returns. It is obvious
that Hedge Fund returns are not Gaussian, while higher moments play a
crucial role for optimization applications regarding hedge funds. Brooks and
Kat (2001) and Amin and Kat (2002) analyse the distributional properties
of Hedge Fund returns in depth. Independent Component Analysis is a
Signal Processing method that overcomes all these problems. Additionally
Olszewski (2006) provide first evidence in favour of ICA over PCA for Hedge
Fund returns. As a result, it is a big challenge to investigate thoroughly
the performance of ICA and propose a new approach of asset allocation, in
a high quality dataset of Hedge Fund returns, as Olszewski’s work gives a
first insight to this subject and consequently is limited. We explore ICA
and the whole methodology shortly.
Furthermore, the economic interpretation of the factors is a very impor-
tant matter, when one follows this approach. In most of the cases the factors
are classic linear buy and hold ones, like stock and bond indices. Fung and
Hsieh (2001) and Agarwal and Naik (2004) propose non linear synthetic
factors based on option strategies. Although this approach seems to work
well the strategies examined are very limited and restricted to the stock
market. It may be worthy to expand this idea in other markets than the
stock market (it is known that hedge funds follow complicated strategies in
commodity markets - Directional trades, bond and credit markets - Con-
vertible Arbitrage, etc) and also extend the number of option strategies to
include other widely used strategies like butterfly spreads, strangles etc. In
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this way we may construct factors that contain all possible combinations of
these strategies and achieve a better explanatory power of our model.
It is very important to pass from the idea that a factor is a single index
or economic indicator, to the concept where a factor can be interpreted as
a combination of different linear (buy-and-hold) and non-linear (synthetic
option or Computational trading returns). The Independent Components
will show the way to achieve this goal.
2.4. Methodology and theoretical framework
2.4.1. Introduction
In this section we introduce the methodology involving ICA and factor in-
terpretation. It is a two stage procedure, where in the first stage the In-
dependent Components are estimated and in the second stage we use an
extensive database of financial indices, economic factors and non - linear
option based factors, is used for the proper interpretation of the compo-
nents, in the context of Fung and Hsieh (1997), but in a more efficient way.
Then these synthetic factors are used to explain Hedge Fund returns under
the standard factor modelling context. The important feature in this work
is that the factors are regressed to a big number of individual hedge funds
and not only to the Hedge Fund Research indices as previous important
works do.3
2.4.2. Independent Component Analysis
Independent Component Analysis is a Signal Processing technique that tries
to identify the driving mechanisms of multivariate processes, by extracting
3See Agarwal and Naik (2004) and Fang and Hsieh (2002, 2004).
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components that are mutually independent. It is a powerful tool and can
be illustrated by means of the following example. The cocktail party prob-
lem is probably the best one. If we put in a cocktail party a number of
microphones in different places, each of them will capture different sounds
of the same conversations, chat, music, etc. This is considered to be the
multidimensional signal we get. Our goal is to extract from these signals the
original separate sounds, i.e. the music, each people’s voice etc. ICA does
exactly this. It separates the mixed signal to the original sources. In our
case, the mixed signal is the returns of each Hedge Fund, and our goal is to
derive the common factors or alternatively to find the driving mechanisms
that lead Hedge Fund returns.
ICA is similar to another technique called Principal Component Analy-
sis. The difference between the two is that while in the case of PCA, the
components we get are uncorrelated, in the case of ICA the components
are independent. This is a very important feature, as higher moments, that
play a very important role in the case of Hedge Fund returns, are taken
into consideration for the estimation if the components. Additionally, the
mixing signals must be non - Gaussian for the case of ICA, something true
for Hedge Fund returns, as it is shown by Brooks and Kat and as we will
see when we describe the data. The above reasons make Independent Com-
ponents Analysis an ideal tool, to analyze Hedge Fund returns.
Mathematically, the above simple illustration may be expressed as follows:
If X(t) is the mixed signal matrix of monthly Hedge Fund returns, a matrix
which is of size M × N , where M is the number of monthly Hedge Fund
returns and N is the number of individual hedge funds, then it can be
expressed as:
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X(t) = AS(t) (2.1)
where S(t) is the original sources matrix of the observed returns and A is
the mixing matrix. Our aim here is to obtain the original sources. In this
way we can see extract the risk factors that fund managers are exposed tot.
Thus we have to find the demixing matrix W from which we can infer the
sources:
Y (t) = WX(t) (2.2)
and if we have the same number of signal and sources - components and
W = A−1. So we have Y (t) = WA−1S(t) and Y (t) = S(t). Now one
must calculate the demixing matrix W in order to extract the independent
components. In the case of Principal Components we may do this by using
the eigenvalue decomposition of the data covariance matrix, a simple and
well known technique. For the case of Independent Components however,
we have to use special iterative algorithms. In Figure 1 we may see a simple
graphic representation of the ICA idea.
Figure 2.1.: The ICA procedure taken from Back and Weigend (1997)
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2.4.3. The FastICA algorithm4
A significant number of algorithms for extracting the Independent Com-
ponents have been proposed over the last 15 years: the Joint Approximate
Diagonalization of Eigenvectors (JADE) of Cardoso and Souloumiac (1993),
the FastICA algorithm of Hyvarinen (1999) and Hyvarinen, Karhunen and
Oja (2001) and the Soft - LOST algorithm of O’Grady and Pearlmutter
(2004). The most popular and most widely used algorithm is the FastICA
algorithm.
The FastICA algorithm is an efficient algorithm that tries to obtain it-
eratively as much independent components as possible, by maximizing a
measure that represents ”Non-Gaussianity”.5 There are several measures
that try to approximate Non-Gaussianity, like: kurtosis, negentropy and
mutual information. The FastICA algorithm tries to maximize the measure
of negentropy.
Negentropy is a measure that quantifies Non-Gaussianity. It comes from
the well known measure, taken from information theory, called entropy.
Entropy measures how informative a random variable could be. The more
the entropy, the more Gaussian a random variable is and it is expressed as:
H(Y ) = −
∑
i
P (Y = αi)logP (Y = αi) (2.3)
where Y is a discrete random variable and αi represents all the possible
values it can take. For the continuous case y we have the differential entropy
which is:
4The following analysis is based on: Hyvarinen, Karhunen and Oja (2001). Technical
details of the FastICA algorithm may be found at sections 8.3 and 8.4. We refer to
the very basics of the algorithm, as its details go beyond the scope of this paper.
5For an extensive explanation why maximum Non-Gaussianity leads to independence,





From the above definition one can get a measure that is zero for Gaussian
variables and never gets a negative sign and thus we have:
f(y) = H(ygauss)−H(y) (2.5)
This is the definition of Negentropy, which takes the value zero if variable
y is Gaussian and other positive values if it is not (as entropy for non -
Gaussian variables is always lower than the entropy of Gaussian). Variables
ygauss and y have the same covariance matrix. For the FastICA algorithm,




ki[E{Gi(y)} − E{Gi(v)}]2 (2.6)
where ki are constants, v is a random standardized variable with zero mean
and unit variance, y is a variable assumed to have the same properties and
Gi is a non-quadratic function. In our case, we choose Gi to be:
G1(u) = frac1α1logcosα1u or G2(u) = −exp(−u2/2) (2.7)
where a1 is a constant between 1 and 2. Now by using the ideas we intro-
duced above we can get components that are mutually independent. For
getting the first component, the iterative algorithm tries to find a vector
of weights w that will give the projection of variable matrix x which maxi-
mized its negentropy J(wTx). In our case we find the direction of towards
the optimal w using the derivatives of the non-quadratic function G:
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g1(u) = tanh(α1u) and g2(u) = uexp(−u2/2) (2.8)
After obtaining the derivatives the basic algorithm for the first independent
component is showed in figure 2:
1. Choose initial values for w.
2. Let the updated wnew = E{xg(wTx)} − E{xg′(wTx)}w
3. w = wnew/‖wnew‖
4. If converged stop, else go to step 2.
The optimal w we get is the transpose of the first column of the original
demixing matrix. One has to do the above procedure as many times as the
independent components we want to derive are.
A problem regarding ICA is that, while in PCA we the components are
ordered by their eigenvalues, in ICA the components are not necessarily
ordered and one has to use alternative algorithms in order to rank IC. The
most popular algorithm for this, is the Testing and Acceptance algorithm
(TnA) proposed by Cheung and Xu (2001), where they try to minimize the
so called Relative Hamming Distance (RHD) reconstruction error which
equals:





sign{|Ri(t)− Rˆmi (t)|} (2.9)
where xi is the original signal, xˆmi is the reconstructed signal using m com-
ponents with a certain order, Ri(t) = sign[xi(t + 1) − xi(t)], Rˆmi (t) =




1 if r > 0
0 if r = 0
−1 otherwise
(2.10)
2.4.4. The interpretation algorithm
The components we get from the algorithm presented above must be inter-
preted economically, as for the time being they are just numbers. In the
literature, we have seen two major ways to do this.
The first one is by maximizing correlation of a weighted average of a
number of external financial and economic factors and the associated com-
ponent. This idea is implemented by Fung and Hsieh (1997) in their original
paper, by Alexander and Dimitriu (2004). They first choose those factors
that are correlated the most with each principal component and then they
try to find a linear combination of these factors that maximizes correlation
with the component.
The second method is the popular technique of stepwise regressions. Usu-
ally the researcher begins with a big number of regressors and tries to find
statistical significant ones by looking the F-Test and achieve high explana-
tory power of the model by achieving high R2. Fung and Hsieh (2001)
and Agarwal and Naik (2004) follow this idea, although the latter used it
externally.
In this paper we followed the first approach. However we extended the
proposed idea by introducing two alternative criteria. The first is minimum
Mean Square Error and the second is the Schwartz criterion. Information
criteria or loss functions are widely used in financial application, especially
as model selection criteria and usually are better than classic statistics like
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. Actually the BIC, in unreported results, gave models with higher explana-
tory power over Hedge Fund returns, as measured by the adjusted R2 when
we compared it to other criteria like maximum correlation and minimum
mean square error. The idea is quite simple: After obtaining the indepen-
dent components, we select the optimal weight vector W that minimizes the
BIC, MSE or maximizes the correlation of the linear combination fˆi = FWi
and the actual Independent Components Ci, where F is the matrix that
contains the financial and economic factors that potentially drive Hedge







(Ci,t − fˆi,t)2 and BICi = T k/TMSEi (2.11)
2.4.5. The Factor Model
We construct the synthetic factors and use them subsequently under the
standard APT context, in order to obtain models that explain as much as
possible the Hedge Fund returns. The factor model for a specific fund I, we
consider here, is:
Rt = rft = α+
m∑
k=1
bkfˆk,t + ut (2.12)
where m is the number of synthetic factors we consider. In the literature,
researchers usually consider a number of factors between 5 and 8, numbers
that may give models with relatively good explanatory power, and they do
not provoke overfitting problems.6 In this paper we choose 8 internal factors
to be used, because it explains a very significant part of the variation of
6See Fung and Hsieh (1997, 2001, 2002, 2004), Agarwal and Naik (2004), Jaeger and
Wagner (2005) and Hasanhodzic and Lo (2007).
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Hedge Fund returns, without overfitting the sample.
2.5. Data and Factors description
2.5.1. Hedge Fund Data
For the extraction of our factors and to test their explanatory power we use
a mix of the biggest Hedge Fund Data providers. We use dead and alive
funds and their net-of-fee returns from the following providers: TASS, Hedge
Fund Research, Centre for International Securities and Derivative Markets
(CISDM), Barclays Hedge and Morgan Stanley Capital International from
January 1994 to July of 2008. In order to eliminate duplicate funds we used
a 3 step duplicate potting procedure using a specialized software called
FDM for duplicate potting and then re filtered the data using a number of
criteria like total correlation of returns, Mean Absolute Error and minimum
overlap between returns. After the filtering and the elimination of duplicate
funds we are left with 28834 funds. This so far the biggest hedge fund data
base ever constructed and thus we expect our results to be as global as
possible. For the in-sample analysis we used 36 observations, a number
that is satisfactory for hedge fund regressions we used the period of August
2004 to July 2007 for the estimation of our models and the next 12 months
as an out-of-sample period for replications tests.
Most of the researchers usually use 24 months to 60 months for estima-
tion, and more rarely, up to 10 years of data. In this work we are focused
to the standard case and by this way we are able to divide our dataset to
sub samples in order to examine the stability of betas over time. As it is
widely known Hedge Fund data, have a number of problems and biases.7
7See Fung and Hsieh (2000) for an extensive analysis of Hedge Fund data biases.
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We do not have survivorship biases as we include in the data funds that
are dead and alive, and this is based on the fact that we use multiple hori-
zons. Additionally, we do not have look forward biases as after July 2007,
a fund may continue to be active or may become inactive. Later on we use
the methodology described above for a new asset allocation method and
for this reason we need funds to be alive up to that day, as it is impossi-
ble to invest on a dead fund. We split the data into 13 major categories:
Convertible Arbitrage, Distressed, Emerging Markets, Long/Short Equity,
Equity Market Neutral, Event Driven, Fixed Income Relative Value, Funds
of Funds, Global Macro, Managed Futures, Multi-Strategy funds and Sys-
tematic Trading funds.8 In table 2.1 we have descriptive statistics for our
Hedge Fund Data base. We observe that Emerging Market funds deliver the
higher mean return, but are the same time by far riskier than the other cat-
egories. This is expected as these funds deal with large bets in the direction
of the markets and with longing underpriced stocks and shorting overpriced
stocks, strategies that are by far riskier than arbitrage techniques. All se-
ries reject the hypothesis of normality, (see the Jarque-Berra statistic) and
have excess kurtosis and skewness. We see that the negatively skewed finds
are equal to the positive ones. This is not usually the case we see in the
literature, where Hedge Fund returns are usually negatively skewed. The
above properties make ICA a perfect tool for our purpose.
[INSERT TABLE 2.1]
2.5.2. Financial and Economic Factors Data
For the interpretation of the Independent Components we use a broad range
of financial factors that are widely used in the literature, in Hedge Fund
8For a detailed description of the Hedge Fund styles-categories see Appendix A.
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returns factor modelling. Both linear and non-linear synthetic factors are
used. By linear factors we mean buy-and hold strategies to classic indices
from a wide range of markets. This is similar to Fama-French (1992) or
Sharpe (1992) models.
The choice of the linear factors is a very important issue. One should not
just consider the case where he gathers a big bulk of factors regardless their
nature and purpose. A huge discussion has been made regarding industry
or country factors can better explain the variation of the portfolio returns.
Another very interesting question is the ability of country factors to explain
industry features and vice versa. In this way by using the best of the
two categorizations we can achieve better interpretation of our ICs and
consequently we can achieve better explanatory power of the proposed factor
model.
In the literature so far, we can see a number of papers dealing with this
subject. Most of these papers try to measure the performance of differ-
ent portfolios based on a factor model context, using country and indus-
try benchmark indices along with relative dummy variables. Heston and
Rouwenhorst (1994) are among the first to implement such an analysis fol-
lowed by numerous other researchers. Our selection approach majorly based
on Gerard, Hillion, de Room and Eiling (2006) where they do a comprehen-
sive analysis of the country versus industry benchmark selection. Results
of both conditional and unconditional efficient tests and style analysis show
that even in a dynamic approach, ”country factors explain better variation
of industry factors than vice versa”. Additionally one should add currencies
in his portfolio in order to obtain the most of the benefits that global diver-
sification offers. Following the authors, for the interpretation of the ICs, for
the linear case, we use basically country factors (subdivided in some cases
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by market capitalization) and the major currencies like US dollar, Euro,
British pound etc.
While these linear factors work well for mutual funds, or other passive
funds, due to the dynamic, active and complicated nature of hedge funds,
these models fail to explain their returns. Fung and Hsieh (1997) are the
first to note the non - linear behaviour of Hedge Fund returns. The reason
for this is the extensive use of derivatives, leverage and the highly active
management. In order to overcome this problem the authors first proposed
the creation of non-linear synthetic factors that will be able to explain the
variation of Hedge Fund returns much better than just by using linear fac-
tors. So they proposed the use of lookback straddles in various indices so
as to create ”Trend Follower” factors. This term refers to fund that take
bets to a certain trend in a certain market like equities or commodities. In
their papers they showed that this kind of approximation works very well.
Moreover, Agarwal and Naik (2004), focused in a different strategy widely
used by hedge funds. They created synthetic factors using call and put op-
tions on S&P 500 to approximate hedging and speculation strategies. This
approach is inspired by early findings of Fung and Hsieh (1997) who noted
the option like behaviour of Hedge Fund returns.
In our analysis we try to include the most appropriate factors that can
represent the major asset markets satisfactory, in order to represent every
potential risk source for hedge funds. Additionally we tried to use total
returns of futures with the nearest expiration day. In this way the mean-
ing of long and short positions it is much clearer. We consider indices of
equity markets, bond markets, commodities and currencies, linear and non-
linear. Characteristic linear factors are: from FX Markets: futures from
the basic currencies to US Dollar like Euro, Jen, Swiss Franc and so on.
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From the Equity Markets, we included all the basic equity indices of the
global markets. From Bond Markets: Government bond futures of various
maturities and various states, Convertible bond indices for the US, EU and
Japan and the CS High Yield Index. From Commodity Markets: Futures
of all major commodities including oil, gold, wheat and copper. We also
include the non-linear factors of both Fung and Hsieh (2001) and Agarwal
and Naik (2004). For a full description of the factors we use in this work
see Appendix.
2.6. Empirical Analysis and Results
This is the main section of the analysis. Here we show the interpretation of
each component for each fund style. We are also check for the stability of
betas, possible change on risk exposures, and explanatory power of models.
The analysis is conducted by style and analytical tables are presented for
each case. As alternative models we also estimate PCA, the Fama-French 3
factor model, the Cachart 4 factors model, the Fung-Hsieh 7 factor model
and the stagewise models of Agarwal and Naik. This is something vital
as we need to show the superiority of ICA as an alternative factor model.
Later we discuss the major difference and superior characteristics of ICA
over PCA.
2.6.1. Regression Analysis
First we conduct an analysis based on 36 monthly observations as a general
indication for each Hedge Fund style. Statistical significance and goodness
of fit measures are presented in order to identify the critical risk exposures.
Table 2.2 shows the basic regression results, while table 2.3 shows the 10
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dominant factors and the relative weights that explain each component of
each fund style.
[INSERT TABLE 2.2]
2.6.1.1. Convertible Arbitrage (CA)
The analysis is based on 152 CA Funds. The interpretation algorithm gave a
clear image on the basic risk sources of this particular style. As we see from
table 2.2, 3 factors are statistically significant and we observe that factor
2 represents a contrarian US corporate market factor, with long positions
in smaller US firms and the US Convertible market and short in the big
US firms along with some other major Equity markets like Brazil. Factor
4 shows exposure to the options factors of Agarwal and Naik, with positive
loading to the out of money puts and negative to the at the money puts.
This is a clearly similar to the original paper’s findings. Finally the 6th
factor represents a currency factor with exposure to the major currencies.
The average R¯2 is 71.8%, significantly higher than the benchmark models.
2.6.1.2. Distressed Securities (D)
The analysis is based on 77 D funds. The regression showed that the 4 sig-
nificant components are able to explain 64.5% of the crossectional variability
of Distressed Security funds. Factor 1 shows a classic strategy for this kind
of funds, showing exposure to small value firms and selected government
bonds and going short to larger US firms. It also shows us that during this
period the managers avoided taking credit risk and preferred government
bonds. Factor 3 shows a clear exposure to the Australian market and in
particular short positions on large equities, along with other major cur-
rencies and their markets. It can be characterised as an international risk
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factor. Factor 4 is a contrarian strategy to the global equities. Mangers
seem to expect that the equity markets rallies are going to stop (something
that we saw it happened with our current global financial crisis). Finally
Factor7 represents a secondary factor with long positions to the major Eu-
ropean stocks and short positions to their convertibles, meaning that those
managers do not afraid that much about their credit position.
2.6.1.3. Emerging Markets (EM)
This style has to do with managers that invest heavily in emerging markets
of Asia, Latin America and Eastern Europe, majorly. Factor 1 is a strategy
with heavy exposure to the major Asian markets and US bonds. Factor
2 invests heavily in non US convertibles and Commodities like sliver and
soy beans. Factor 4 is a clear strategy on large US firms with anticipations
that the market will rise significantly (according to the exposures in the
Agarwal Naik factors) and factor 5 is a contrarian currency factor. Finally
factor 8 represents a strategy going long on small global equities and short
on convertible bonds. The R¯2 we obtain is very significant and about 61%
on average.
2.6.1.4. Long Short Equity (LSE)
LSE are the most classic funds we observe in the market. The ICA model is
able to capture about 53% of the returns variability on average. There are
to significant factors that drive this investment objective’s returns. Factor
5 is a momentum strategy on large firms with short positions in government
bonds, while factor 7 is dominates by short positions on Tech stocks and
long in convertible bonds, meaning that bonds may play a significant role
in the decision making of LSE funds.
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2.6.1.5. Equity Market Neutral (EMN)
This investment style is trying to be as less correlated with the market as
possible. Again 2 factors are significant while the average R¯2 is similar
to LSE funds. Factor 5 is a mixed strategy in currencies, global stocks
and short positions in convertible bonds. These managers employ different
strategies in many markets in order not to be correlated with the major
equity indices. Factor 6 on the other hand is a strategy in growth global
equities.
2.6.1.6. Event Driven (ED)
Event Driven funds are funds that try to take into advantage particular
events. Factor 2 is a mixed factor with strategies in currencies convert-
ibles and momentum growth stocks, very common strategies for this kind
of funds. Factor 4 and 8 are in similar nature with currencies as the main
driving force. For this style the R¯2 is on average 52.1%.
2.6.1.7. Fixed Income Relative Value (FIRV)
This investment style is the most difficult to explain as we can see in the
literature. Here the ICA model is able to capture a fair amount of the
returns variability of around 52%. The two significant factors represent the
following: Factor 5 is a momentum strategy majorly on value US stocks
with sort positions in US convertibles, while factor 6 is a similar strategy
but with negative loading in oil. It is obvious that there are missing factors
here that even the dynamic nature of ICA could not capture.
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2.6.1.8. Funds of Funds (FOF)
We include FOF as there are numerous in our sample. The explanatory
power of the model is very high and of order of 80%. There are four sig-
nificant factors here with the first factor being a contrarian strategy on
emerging markets and government and corporate bonds. The second factor
represents a contrarian short position in global equities. The next signifi-
cant factor is majorly a currency factor while the last one has exposure in
small Asian stocks. As we can see FOF have exposure to most of the classic
asset markets.
2.6.1.9. Macro (M)
In the next category we have Global Macro funds. Here we just have one
significant factor with a Swiss flavour as we have major exposures in Swiss
equities and bonds, and gold as well. Also Large US equities play a signifi-
cant role too. The average R¯2 is around 50%.
2.6.1.10. Managed Futures (MF)
Managed Futures or CTA are funds that majorly employ future strategies
and are also a quite difficult style to explain. The fact that we have only
one significant factor and R¯2 lower than 50% shows this clearly. The factor
represents a position in small global equities (majorly European) and cor-
porate bonds. A not very helpful analysis as there are missing factors and
dynamics here.
2.6.1.11. Merger Arbitrage (MA)
This is also a classic fund type that tries to find opportunities in merger
and acquisition deals. 6 factors are significant with an average R¯2 of 75.3%.
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The first factor is dominated by global equities and positions in convertible
bonds while the second factor is clearly a currency factor based on option
strategies. Then the next factor is a strategy in small equities and govern-
ment bonds this time and the fourth factor represents a contrarian strategy
in non-US equities. Finally the last two factors with exposures to small US
stocks, currencies
2.6.1.12. Multi-Strategy (MS)
These funds employ a vast number of strategies and do not follow a partic-
ular one. The model is able on average to explain about 64% of the returns
variability. Again we have 6 factors significant, of different nature each one
with dominance in currency markets, equities and corporate bonds.
2.6.1.13. Systematic Trading (ST)
Finally the last category, a very dynamic one, had only one significant factor
representing strategies in convertible and government bonds commodities
and contrarian strategies with options. These funds usually employ these
strategies.
[INSERT TABLE 2.3]
2.7. PCA and ICA
From the regression analysis we have seen above it is evident that the ICA
and PCA explain on average the same variability of each investment style
as it is measured by the R¯2. But a closer look to the regression shows
fundamental differences between the two methods. By construction the
first Principal Component is the most important component that explains
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most of the returns variability. As a result we see that for the PCA factors,
for every investment style, only the first factor is significant, while all the
others show very high standard errors. The ICA components do not have
this restriction and we see that for the majority of the strategies we have
more than one significant factor. This is a very important feature of ICA
as it is able to identify the true driving forces of hedge fund returns, as the
PCA factor is a just a weighted average of all factors without giving a clear
image of what this factor is.
Furthermore, when we observe that the weights of PCA factors are very
indistinctive between each other, while in ICA we have very distinct weights,
something that shows us which assets are the most important and at which
magnitude. The above means that the PCA factors are in reality non-
interpretable whereas the ICA factors are interpretable, with very distinctive
weights and more than one significant factor (see section 2.6.1).
Due to the nature of hedge fund returns which are highly non Gaussian
the ICA by construction work much better than PCA, as it is able to get the
true factors that drive them. PCA has the fundamental prerequisite that the
returns are normal, something that it is not true. The fundamental property
of ICA, to identify correctly the factors of the returns is very important for
risk management purposes as mangers are able to identify the risks and
exposures of each fund and act according to their needs.
2.8. Out - of - sample Analysis
The analysis so far shows that the ICA model can explain significantly the
variation of hedge fund returns in - sample. During the stability analysis
we had the chance to see how the model works over time and some out -
53
of - sample elements are present, however it is not a clear out - of - sample
analysis that links the performance of the model with real investment prob-
lems. In this section we examine the purely out - of - sample performance
of the model by first examining the model itself and then by presenting an
alternative asset allocation and hedge fund portfolio construction method.
In this analysis we first follow Kosowski et. Al. (2006, 2007) for the pre-
dictive performance of alphas and Titman and Tiu (2008) for the predictive
power of R¯2.
2.8.1. Out - of - sample performance of the ICA t-statistic
The most important feature of ICA is the capability of the model to identify
the best funds, and give us indications through its alpha or R¯2 if the fund
is good based on the talent and strategy that the managers are following or
by omitted factors or luck.
In order to do that, we construct equally weighted portfolios, by choos-
ing the best performing funds based on the ICA alpha ranking. Following
Lhabitant and Learned (2002) we choose between 5 and 15 funds to form
our portfolios. The authors showed that for the case of hedge funds, this
number of funds is satisfactory, as more funds will increase dramatically the
higher moments of the portfolio (skewness and kurtosis) and will decrease
the diversification advantages. As though, the ranking between different
models it is similar as more and more funds are under consideration we
have chosen to see the performance of the best fund over time and the best
20 funds over time as an indication of how good the method ranks the funds.
We rebalance the portfolios every year from 1997 to 2008. We choose funds
according to the t-statistic according o Kosowski et. Al. (2006, 2007) who
show that ranking funds according to the t-statistics works better as we
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have a correction by dividing with the standard error. In table 2.4 we look
at the cumulative wealth of each investment style and for each model under
consideration. We also report standard benchmarks for the equity, money,
commodity and bond markets. Cumulative wealth is the money one gets
after investing one dollar for the period under consideration. It is the most
appropriate measure for funds that target on absolute performance. We
observe that the ICA has the highest average cumulative wealth across the
different investment styles in both cases (top and top 20 funds), making it
the most consistent model. The difference between models is considerable
showing that ICA is able to identify those funds that have true alpha based
on manager talent and not based on omitted variables.
[INSERT TABLE 2.4 AND 2.5]
In particular ICA works the best in Emerging Markets funds, Funds of
Funds and Equity Market Neutral, while it works well with the Convertible
Arbitrage funds, Event Driven and Multi-Strategy funds. In general we look
that the model works better with the most stable categories as we have seen
before. The median and relevant quintiles show the superiority as well. In
table 2.6 we have the relevant Fama-French, Cachart and Fung and Hsieh
alphas over the same period. We observe that again ICA outperforms all
the benchmark models, showing its superiority delivering from 7.35% yearly
for the top fund and 8.62% for the top 20 funds, considerably more than
the benchmark models and PCA.
[INSERT TABLE 2.6 AND 2.7]
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2.8.2. Out - of - sample performance of the ICA R¯2
It is also very important to see if the R¯2 of our models are able to tell us
something. Following Titman and Tiu (2008) we are examining the out of
sample performance of portfolios sorted according to R¯2. Their interpreta-
tion is that when we select funds that have lower R¯2, those funds tend to
have higher alphas and Sharpe Ratios, as the managers of these funds apply
superior strategies that systematic factors cannot explain (in our approach
the ICA indices). Here we change the focus a little as we compare the dif-
ferent models. If the Titman and Tiu proposition holds, we expect that the
best model will give the highest alphas and Sharpe Ratios for low R¯2 funds
and the lowest for high R¯2. This means that the model is able to identify as
much systematic risk as it could while the rest is the talent of the manager.
Equivalently for high R¯2 funds, the model explained most of the variability
so the talent of the manager is smaller as driving force of the returns.
In table 2.8 we observe that the relation of the R¯2 and alphas or Sharpe
Ratios goes according to the Titman and Tiu for all models, reconfirming
their proposition. However we see that the ICA model again outperformed
the benchmark models in terms of alphas, about 1.5% per annum for both
the yearly rebalancing bottom fund and bottom 20 funds. The same view
we have for the Sharpe Ratios. For the high R¯2 we have the opposite image:
the top ICA fund performs significantly lower than the benchmark models.
In the case of the top 20 funds though we see that the models perform in
general the same. As we expect as the R¯2 decreases the performance of the
funds increases, so the top 20 funds perform better than the top R¯2 fund.
[INSERT TABLES 2.8 TO 2.11]
The above analysis shows that the ICA is able to explain the true system-
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atic risk of the funds and when it cannot (low R¯2) , the possibilities that
the low explanatory power of the model is because of the superior strate-
gies that the fund managers apply rather than simply omitted factors, are
significantly higher when we consider the ICA model.
2.9. Conclusions
In this paper we introduce the method of Independent Component Analysis
in order to identify the driving mechanisms of Hedge Fund returns. ICA
resembles PCA but it takes into account higher moments of the data. In
order to interpret these Independent Components economically we use an
interpretation algorithm using the BIC, and then use the interpreted fac-
tors under the standard factor model context. We find that our method
delivered better results than the methods used in the literature like max-
imizing correlation or using stepwise regressions, in terms of fitting and
statistical significance. The ICA model outperforms the benchmark models
in explanatory power and gives a better understanding of the risk factors of
hedge funds and the magnitude of exposure to them, while the risk expo-
sures we find, of each investment style, is close to the findings of Agarwal
and Naik (2004). A contribution of the paper is the use of an extensive
database of returns of individual hedge funds in contrast to the use of the
HFR indices. This makes the analysis more realistic and accurate as in the
literature we usually see applications based only on hedge fund indices.
We examine the stability of the model over time and find that especially
for horizons up to 1 year ahead, the explanatory power, alpha predictive
power and statistical significance seems to persist satisfactory. Of course,
because of the dynamic nature of hedge funds, factor loadings exhibit small
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fluctuations, but as the model is able to identify the fundamental sources
of risk that influence each fund style, these fluctuations are minor. Fur-
thermore, as the sample of funds increases the results become stronger and
stronger, thus an important prerequisite for the ICA model is the use of
appropriate datasets.
The out of sample performance of the model seems similar to the in sample
one. For the vast majority of the funds, when we construct portfolios of
hedge funds based on model t-statistics, out of sample, the ICA model has
the higher mean alpha, and cumulative wealth, going in line with Kosowski
et al. (2006) and Kosowski et al. (2007). We do the same for R¯2 following
Titman and Tiu (2008) and again we find that ICA are able to capture
the systematic risk much better than the benchmark model, as reflected by
alphas and Sharpe Ratios.
Although the model works very well both in sample and out of sample
there are some limitations that we aim to overcome in future work. In order
to have accurate components we need a big sample of funds, something dif-
ficult for the case for hedge funds, as hedge fund data is limited. Moreover,
the classification of ICs is not as straight forward as the classification of
PCs. One need to use special algorithms to do so and in a way it is an ad
hoc procedure. Thus at this point we have to use all the ICs we estimate.
Another very important issue is the selection of the factors that will be used
for the interpretation of the ICs. Getting as many as one can is not the best
solution as many researchers suggest. Finally, we see that the introduction
of non linear factors play a significance role in the good performance of the
model. At this time, the strategies that these factors cover are very limited
and potential use of new non linear factors based on derivative strategies




































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 2.3.: Interpreted factor weights
Factor factor 1 factor 2 factor 3 factor 4 factor 5 factor 6 factor 7 factor 8
1 0.094 -2.771 0.259 -7.329 -2.103 -4.517 0.349 -0.27
2 12.452 -6.571 -4.982 -5.751 5.675 -7.1 -6.503 4.911
3 -3.714 -9.973 -0.638 6.013 -3.623 -1.594 2.141 2.23
4 -9.903 17.219 12.833 4.833 0.623 8.061 2.398 -6.103
5 -3.555 2.403 -16.194 8.614 1.554 4.125 -6.977 4.583
6 8.393 -5.892 10.149 -3.065 -1.264 -4.847 -3.516 5.163
7 -4.627 1.706 11.284 0.695 -7.951 -1.076 6.509 1.644
8 3.651 1.146 -7.976 -6.282 4.28 -7.312 -3.459 2.585
9 -3.067 -0.184 11.655 -1.813 -3.236 -3.625 0.979 -2.319
10 0.105 3.644 2.477 12.765 -10.018 2.79 1.634 3.62
11 7.481 2.924 7.935 -3.857 -6.663 -17.967 4.619 12.615
12 -1.941 -4.541 -1.71 -2.76 -4.829 2.573 -5.525 2.439
13 3.14 5.584 12.479 -2.597 -2.972 -5.763 -2.549 1.646
14 -2.743 1.874 -1.434 -13.116 -0.855 -1.771 -4.686 1.623
15 -3.561 2.932 -15.001 -0.574 7.439 7.481 -6.775 -7.571
16 -7.279 1.064 -8.215 -8.181 4.51 10.207 -9.073 -9.952
17 2.86 1.348 5.65 -0.747 -1.197 -1.772 2.23 0.593
18 3.698 -1.935 0.869 9.536 0.419 -3.011 8.285 2.586
19 4.378 6.704 -4.02 -0.968 10.688 -2.288 3.249 0.853
20 -3.671 14.084 -0.338 -1.768 -6.78 -4.416 3.668 -0.192
21 -9.456 1.621 -2.858 -9.99 3.353 4.958 -4.243 -8.637
22 -2.993 -0.147 2.623 -3.008 1.559 1.681 -3.048 -1.939
23 -2.674 -0.39 3.254 -4.192 2.45 0.464 -2.291 -1.176
24 -4.579 -0.171 28.443 8.337 -11.262 2.64 7.846 -6.855
25 -2.841 1.937 2.693 1.448 3.365 2.89 8.466 -6.173
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26 -7.317 -3.209 -1.505 -3.309 -6.464 0.418 -4.51 6.232
27 -0.997 -6.253 -19.663 -2.14 15.828 1.28 -3.822 -2.935
28 9.003 -2.27 -1.277 0.339 5.162 -14.126 1.455 4.694
29 -6.227 1.725 14.124 7.541 -5.71 4.5 3.583 -4.56
30 -2.96 -3.766 -0.602 5.807 -0.688 5.888 2.685 -3.233
31 0.451 -5.515 -5.186 -2.906 -0.437 0.14 1.918 -1.739
32 1.263 1.24 -8.07 1.884 6.842 0.163 1.678 -4.097
33 0.3 -0.152 -4.67 -2.53 1.812 1.331 1.506 -2.839
34 1.629 -12.854 0.455 -2.164 -7.385 -5.99 5.77 3.801
35 -3.858 -1.226 3.089 0.461 -14.874 -3.731 2.317 12.865
36 3.567 -0.824 -3.99 -4.279 -0.948 -7.969 5.726 4.833
37 -1.247 3.499 0.239 0.211 2.982 1.601 2.072 -5.309
38 6.612 -1.311 -1.004 0.288 1.533 -7.279 3.587 2.256
39 0.487 6.886 12.569 -0.392 -2 -5.608 2.958 -2.237
40 0.132 -0.251 -5.189 0.293 0.167 -0.871 -1.623 -0.204
41 -1.226 0.256 -2.632 -1.703 -1.413 5.613 -6.547 -1.08
42 7.577 -5.339 -13.709 1.156 4.279 -4.669 -2.498 4.306
43 1.623 -6.55 -5.689 -4.147 -3.347 -2.401 2.725 2.376
44 -5.164 -7.414 -6.441 0.708 7.349 12.134 -5.102 -14.968
45 2.668 -1.475 -3.221 -0.17 4.774 -0.275 -1.274 -0.635
46 -2.207 0.407 -1.804 -3.1 -3.228 6.692 -1.432 -2.954
47 -6.275 1.917 -4.442 2.18 3.556 4.741 2.345 -0.702
48 3.451 4.081 3.328 4.442 2.963 4.832 4.403 3.201
49 3.56 -0.718 -0.364 -0.864 -2.38 0.042 1.091 1.182
50 0.301 3.056 -4.489 3.314 0.894 0.918 1.164 4.114
51 -1.006 2.193 -0.236 -1.938 0.459 -1.523 2.883 4.403
52 4.361 -6.687 -3.428 -7.981 9.908 0.615 -6.409 3.748
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53 12.649 0.833 -2.273 12.914 -2.572 2.334 -6.451 3.793
54 -0.59 6.214 5.741 1.795 -4.384 7.879 -1.029 4.478
55 -4.729 4.67 14.097 7.52 -1.281 9.657 4.286 -9.126
56 1.08 -4.615 -4.343 3.559 1.236 -0.521 -2.045 -5.034
57 -10.311 2.627 0.64 -7.566 4.572 5.605 -1.079 -7.725
58 12.649 0.833 -2.273 12.914 -2.572 2.334 -6.451 3.793
59 -3.252 2.644 7.404 5.667 -6 4.82 1.421 0.226
60 2.681 -2.349 -5.952 -4.57 5.529 -4.716 -1.104 0.686
61 1.156 -1.028 -6.404 1.446 4.865 -1.432 2.206 2.376
62 -2.155 2.211 7.155 -2.717 -6.24 1.45 -3.161 -1.358
63 1.406 -2.705 -3.088 5.538 4.605 -1.833 3.96 1.811
64 0.596 -1.598 3.148 -2.78 0.311 -0.318 -1.231 -1.338
65 1.668 0.204 1.715 0.037 0.135 -1.54 1.295 1.996
Table 2.3 reports the factors and relevant scaled weights that best interpret
the ICs for the CA strategy. In the Appendix one can find the relevant
key to each factor number. These factors account for the majority of the
weighting on each individual factor.
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Table 2.4.: Cumulative wealth of Best ICA and Benchmark Models
Investment ICA PCA FF FH C4 AN Comm HYB EQUITIES RF
Objective
CA 9.63 9.65 2.81 2.8 2.81 2.81 2.67 1.94 1.63 1.51
D 2.13 2.03 3.77 3.92 3.77 4.26 2.67 1.94 1.63 1.51
EM 3.73 2.1 1.28 1.39 1.28 1.26 2.67 1.94 1.63 1.51
LSE 4.83 4.82 15.36 15.02 11.32 11.98 2.67 1.94 1.63 1.51
EMN 5.04 2.83 1.77 1.77 1.77 1.75 2.67 1.94 1.63 1.51
ED 20.23 21.97 5.47 4.94 5.27 5.25 2.67 1.94 1.63 1.51
FIRV 1.66 1.66 2.94 2.94 2.94 3.21 2.67 1.94 1.63 1.51
FOF 3.97 3.36 3.41 3.53 3.49 3.59 2.67 1.94 1.63 1.51
M 2.29 1.19 3.04 3.04 2.83 0.91 2.67 1.94 1.63 1.51
MF 3.77 2.17 4.81 2.91 4.81 3.07 2.67 1.94 1.63 1.51
MA 2.14 2.14 2.46 2.97 2.63 2.93 2.67 1.94 1.63 1.51
MS 4.17 4.13 3.06 5.21 3.06 3.29 2.67 1.94 1.63 1.51
ST 0.17 0.19 3.06 1.61 3.06 3.06 2.67 1.94 1.63 1.51
average 4.91 4.48 4.1 4 3.77 3.64 2.67 1.94 1.63 1.51
25% perc 2.14 2.03 2.81 2.8 2.81 2.81 2.67 1.94 1.63 1.51
median 3.77 2.17 3.06 2.97 3.06 3.07 2.67 1.94 1.63 1.51
75%perc 4.85 4.21 4.27 4.24 4.03 3.6 2.67 1.94 1.63 1.51
In table 2.4 we present the cumulative wealth of 1 dollar invested in the top
fund according to the t-statistic of alpha for each of the model we examine
from 1997 to 2008 rebalancing the portfolios every 12 months: ICA, PCA,
Fama-French (FF), Cachart (C4), Fung - Hseih (FH) and Agarwal and
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Naik (AN), commodities, high yield bonds, equities, and the risk free rate.
We report the average, 25% percentile, median and 75% percentile across
all strategies in order to see how the model performs in general over all
strategies.
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Table 2.5.: Cumulative wealth of Top 20 ICA and Benchmark Models
Investment ICA PCA FF FH C4 AN Comm HYB EQUITIES RF
Objective
CA 3.08 3.08 2.89 2.9 3.04 2.88 2.67 1.94 1.63 1.51
D 3.27 3.28 3.49 3.98 3.8 3.68 2.67 1.94 1.63 1.51
EM 4.1 4.11 2.37 1.88 2.45 2.94 2.67 1.94 1.63 1.51
LSE 3.91 4 4.53 4.54 4.43 4.38 2.67 1.94 1.63 1.51
EMN 2.35 2.38 2.65 2.53 2.58 2.55 2.67 1.94 1.63 1.51
ED 3.51 3.63 3.24 3.34 3.27 3.1 2.67 1.94 1.63 1.51
FIRV 1.88 1.86 2.64 2.46 2.64 2.55 2.67 1.94 1.63 1.51
FOF 3.19 3.13 2.95 3.04 2.98 2.79 2.67 1.94 1.63 1.51
M 2.19 2.23 2.09 2.13 1.95 2.12 2.67 1.94 1.63 1.51
MF 4.23 4.25 3.72 4.11 3.59 3.09 2.67 1.94 1.63 1.51
MA 2.35 2.36 2.49 2.46 2.52 2.45 2.67 1.94 1.63 1.51
MS 4.07 3.85 3.98 3.95 4.13 4.12 2.67 1.94 1.63 1.51
ST 3.18 3 3.28 3.68 3.35 3.2 2.67 1.94 1.63 1.51
average 3.18 3.17 3.1 3.15 3.13 3.07 2.67 1.94 1.63 1.51
25% perc 2.35 2.38 2.64 2.46 2.58 2.55 2.67 1.94 1.63 1.51
median 3.19 3.13 2.95 3.04 3.04 2.94 2.67 1.94 1.63 1.51
75%perc 3.95 3.89 3.39 3.75 3.41 3.12 2.67 1.94 1.63 1.51
In table 2.5 we present the cumulative wealth of 1 dollar invested in the
top 20 funds according to the t-statistic of alpha for each of the model we
examine from 1997 to 2008 rebalancing the portfolios every 12 months: ICA,
PCA, Fama-French (FF), Cachart (C4), Fung - Hseih (FH) and Agarwal
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and Naik (AN), commodities, high yield bonds, equities, and the risk free
rate. We report the average, 25% percentile, median and 75% percentile
across all strategies in order to see how the model performs in general over
all strategies.
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Table 2.6.: Cumulative wealth of Top 20 ICA and Benchmark Models
CACHART ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 15.58 15.59 4.91 4.88 4.91 4.91
Distressed 1.67 1.3 6.11 6.54 6.11 7.46
Emerging Markets 3.6 0.3 -3.14 -2.46 -3.14 -3.52
Equity LS 7.81 7.78 20.46 20.06 16.71 17.89
Equity Market Neutral 8.54 3.83 0.91 0.91 0.91 0.88
Event Driven 32.9 33.98 11.51 10.11 11.14 11.11
Fixed Income Relative Value 10.4 10.4 5.81 5.81 5.81 6.53
Fund of Funds 7.13 5.61 6.7 6.95 6.84 6.89
Macro -0.1 -5.72 6.29 6.29 5.37 -6.05
Managed Futures 10.76 5.53 9.96 5.62 9.96 6.06
Merger Arbitrage 1.5 1.5 3.33 4.76 3.73 4.35
Multi-Strategy 8.19 8.09 5.87 9.72 5.87 6.5
Systematic Trading -12.41 -11.16 5.25 0.48 5.25 5.25
average 7.35 5.92 6.46 6.13 6.11 5.25
25% perc 1.67 1.3 4.91 4.76 4.91 4.35
median 7.81 5.53 5.87 5.81 5.81 6.06
75%perc 9.01 7.86 7.52 7.64 7.62 6.62
FAMA FRENCH ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 18.48 18.5 5.11 5.08 5.11 5.11
Distressed 7.69 7.31 6.31 6.76 6.31 7.59
Emerging Markets 4.3 0.43 -2.15 -1.56 -2.15 -2.45
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Equity LS 8.84 8.82 21.33 20.61 15.63 16.61
Equity Market Neutral 10.31 4.52 1.11 1.11 1.11 1.08
Event Driven 28.14 29.54 11.51 10.21 11.08 11.05
Fixed Income Relative Value 14.33 14.33 5.89 5.89 5.89 6.6
Fund of Funds 7.26 5.79 6.58 6.67 6.74 6.75
Macro 4.83 -1.96 6.06 6.06 5.18 -5.71
Managed Futures 10.79 5.85 9.29 5.23 9.29 5.59
Merger Arbitrage 2.21 2.21 3.65 4.93 4.11 4.54
Multi-Strategy 8.17 8.08 5.8 10.36 5.8 6.41
Systematic Trading -13.32 -13.81 5.27 -0.03 5.27 5.27
average 8.62 6.89 6.6 6.26 6.11 5.26
25% perc 4.83 2.21 5.11 4.93 5.11 4.54
median 8.17 5.85 5.89 5.89 5.8 5.59
75%perc 10.43 8.26 7.27 7.56 7.38 6.64
FUNG HSIEH ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 17.33 17.35 4.91 4.88 4.91 4.91
Distressed 0.51 0.15 6.56 6.79 6.56 7.72
Emerging Markets 5.57 -0.43 -4.16 -3.69 -4.16 -4.2
Equity LS 9.17 9.12 22.18 21.67 17.76 18.29
Equity Market Neutral 10.79 5 0.82 0.82 0.82 0.79
Event Driven 28.32 29.13 10.13 9.79 9.68 9.65
Fixed Income Relative Value 8.41 8.41 5.77 5.77 5.77 6.72
Fund of Funds 8.3 6.64 6.85 6.97 7.03 7.1
Macro 0.05 -4.93 5.15 5.15 4.12 -8.51
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Managed Futures 18.18 12.3 11.61 6.26 11.61 6.77
Merger Arbitrage 0.78 0.78 4.23 5.46 4.68 5.35
Multi-Strategy 8.22 8.16 5.15 10.41 5.15 5.74
Systematic Trading -13.78 -12.08 6.32 1.82 6.32 6.32
average 7.83 6.12 6.58 6.32 6.17 5.13
25% perc 0.78 0.15 4.91 4.88 4.68 4.91
median 8.3 6.64 5.77 5.77 5.77 6.32
75%perc 9.58 8.59 7.67 7.67 7.69 6.85
In table 2.6 we present the Cachart, Fama-French and Fung-Hsieh alphas of
the top fund according to the t-statistic of alpha for each of the model we
examine from 1997 to 2008 rebalancing the portfolios every 12 months: ICA,
PCA, Fama-French (FF), Cachart (C4), Fung - Hseih (FH) and Agarwal
and Naik (AN). We report the average, 25% percentile, median and 75%
percentile across all strategies in order to see how the model performs in
general over all strategies.
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Table 2.7.: Alphas of Top 20 ICA and Benchmark Models
CACHART ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 5.48 5.46 5.22 5.23 5.64 5.11
Distressed 3.66 3.71 4.86 5.62 5.35 5.23
Emerging Markets 2.94 3.06 0.74 -0.87 0.92 2.66
Equity LS 5.85 5.49 8.16 7.73 7.85 7.95
Equity Market Neutral 2.43 2.54 3.91 3.57 3.86 3.88
Event Driven 5.94 6.2 5.57 5.64 5.58 5.09
Fixed Income Relative Value 0.75 0.69 4.41 3.7 4.39 4.06
Fund of Funds 4.34 4.12 5.04 5.31 5.08 4.37
Macro -0.06 0.08 0.38 1.1 0.03 0.7
Managed Futures 7.26 7.29 6.9 8.08 7.03 5.47
Merger Arbitrage 2.4 2.44 2.97 2.82 3.11 2.8
Multi-Strategy 6.6 6.26 7.16 7.05 7.42 7.29
Systematic Trading 6.07 5.37 6.2 7.1 6.56 6.24
average 4.13 4.05 4.73 4.77 4.83 4.68
25% perc 2.43 2.54 3.91 3.57 3.86 3.88
median 4.34 4.12 5.04 5.31 5.35 5.09
75%perc 5.97 5.67 6.37 7.06 6.68 5.67
FAMA FRENCH ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 5.75 5.71 5.19 5.2 5.59 5.15
Distressed 4.49 4.53 5.34 6.22 5.97 5.65
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Emerging Markets 5.15 5.2 1.7 -0.02 1.88 3.51
Equity LS 7.19 7.18 8.56 8.64 8.19 8.1
Equity Market Neutral 3.16 3.28 4.37 3.88 4.06 3.99
Event Driven 6.08 6.46 5.72 5.87 5.87 5.37
Fixed Income Relative Value 1.11 1.05 4.49 3.82 4.48 4.14
Fund of Funds 5.32 5.07 5.06 5.2 5.12 4.46
Macro 1.68 1.84 1.02 1.62 0.54 1.22
Managed Futures 8.07 8.07 7.7 8.61 7.39 5.65
Merger Arbitrage 2.57 2.61 3.27 3.14 3.33 3.07
Multi-Strategy 7.11 6.61 7.28 7.16 7.56 7.5
Systematic Trading 6.01 5.33 6.42 7.13 6.64 6.5
average 4.9 4.84 5.09 5.11 5.12 4.95
25% perc 3.16 3.28 4.37 3.82 4.06 3.99
median 5.32 5.2 5.19 5.2 5.59 5.15
75%perc 6.34 6.49 6.64 7.14 6.82 5.86
FUNG HSIEH ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 4.68 4.59 5.09 5.13 5.55 4.94
Distressed 4.74 4.81 4.82 6.04 5.67 5.39
Emerging Markets 4.2 4.12 -0.23 -3.11 -0.18 1.59
Equity LS 6.03 6.01 8.2 8.44 7.97 7.98
Equity Market Neutral 3.16 3.14 4.29 3.94 4.06 4.25
Event Driven 6.87 7.13 5.72 5.88 5.76 5.26
Fixed Income Relative Value 0.74 0.69 4.1 3.39 4.09 3.75
Fund of Funds 5.12 4.98 5.13 5.51 5.28 4.74
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Macro 0.16 0.24 0.57 1.37 0.31 1.07
Managed Futures 9.46 9.15 7.97 8.59 7.95 6.36
Merger Arbitrage 3.15 3.17 3.68 3.64 3.85 3.62
Multi-Strategy 8.29 7.91 8.06 7.95 8.34 8.15
Systematic Trading 7.3 6.72 7.74 8.67 7.8 7.42
average 4.92 4.82 5.01 5.03 5.11 4.96
25% perc 3.16 3.17 4.1 3.64 4.06 3.75
median 4.74 4.81 5.09 5.51 5.55 4.94
75%perc 6.98 6.82 7.8 8.07 7.84 6.63
In table 2.7 we present the Cachart, Fama-French and Fung-Hsieh alphas of
the top 20 funds according to the t-statistic of alpha for each of the model we
examine from 1997 to 2008 rebalancing the portfolios every 12 months: ICA,
PCA, Fama-French (FF), Cachart (C4), Fung - Hseih (FH) and Agarwal
and Naik (AN). We report the average, 25% percentile, median and 75%
percentile across all strategies in order to see how the model performs in
general over all strategies.
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Table 2.8.: Alphas and Sharp ratios of Best ICA and Benchmark Models
according to lowest R-squared
CACHART ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 9.54 8.25 6.28 3.7 8.48 3.82
Distressed 6.2 4.91 5.48 5.9 5.44 7.7
Emerging Markets 5.64 4.28 -0.37 1.02 -2.19 12.38
Equity LS 8.56 8.82 -9.95 -4.16 2.87 4.21
Equity Market Neutral 6.12 5.13 5.35 1.1 1.96 2.51
Event Driven 6.52 5.14 7.94 13 4.82 6.15
Fixed Income Relative Value 5.19 6.38 12.2 7.61 9.26 2
Fund of Funds 2.17 4.61 4.45 6.82 1.15 2.98
Macro 3.23 2.61 4.26 -1.03 5.39 -0.06
Managed Futures 5.23 6.47 1.38 3.33 6.76 1.29
Merger Arbitrage 3.18 2.91 2.25 2.23 0.28 1.24
Multi-Strategy 5.92 -2.22 5.77 1.33 3.56 6.94
Systematic Trading 4.75 3.12 6.62 7.2 0.46 0.8
average 5.56 4.65 3.97 3.7 3.71 4
25% perc 4.75 3.12 2.25 1.1 1.15 1.29
median 5.64 4.91 5.35 3.33 3.56 2.98
75%perc 5.97 5.45 5.98 6.92 4.96 4.7
FAMA FRENCH ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 8.92 7.93 6.27 3.5 6.36 3.95
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Distressed 5.31 4.3 5.52 6.41 5.95 7.92
Emerging Markets 5.93 4.42 0.48 0.5 -0.89 13.51
Equity LS 7.04 8.08 -8.94 -2.39 3.77 3.75
Equity Market Neutral 6.23 5.12 5.95 1.67 2.23 3.18
Event Driven 7.13 5.93 8.81 12.5 4.73 6.73
Fixed Income Relative Value 5.33 6.27 12.07 8.02 6.48 2.01
Fund of Funds 2.48 5.16 5.46 7.44 1.91 3.71
Macro 3.99 3.39 5.32 0.86 6.52 0.7
Managed Futures 5.16 5.69 4.13 3.55 7.41 1.88
Merger Arbitrage 3.45 3.15 2.65 2.39 1.08 1.68
Multi-Strategy 7.24 -1.83 6.19 5.42 4.13 7.89
Systematic Trading 6.19 3.23 4.26 8.6 0.05 -0.49
average 5.72 4.68 4.47 4.5 3.82 4.34
25% perc 5.16 3.39 4.13 1.67 1.91 1.88
median 5.93 5.12 5.46 3.55 4.13 3.71
75%perc 6.43 5.75 6.01 7.58 5.16 4.94
FUNG HSIEH ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 7.86 7.35 6.24 3.15 6.53 3.56
Distressed 4.75 4.31 5.51 8.33 6.72 0.85
Emerging Markets 6.34 4.43 1.27 -0.37 -2.25 12.56
Equity LS 10.51 10.17 -6.37 -1.7 3.11 5.06
Equity Market Neutral 7.16 4.57 4.38 -0.41 0.15 0.99
Event Driven 6.52 6.77 9.27 15.09 6.12 6.85
Fixed Income Relative Value 5.27 6.5 11.41 7.6 8.18 1.41
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Fund of Funds 1.89 4.52 5.19 5.79 1.54 4.03
Macro 3.46 0.77 5.95 4.68 6.79 0.1
Managed Futures 5.33 8.61 -1.53 3.62 4.31 2.2
Merger Arbitrage 3.26 3.03 2.94 2.92 3.42 1.38
Multi-Strategy 6.18 -1.94 7.38 3.07 5.92 7.93
Systematic Trading 6.52 1.71 0.56 5.97 -3.08 0.23
average 5.77 4.68 4.02 4.44 3.65 3.63
25% perc 4.75 3.03 1.27 2.92 1.54 0.99
median 6.18 4.52 5.19 3.62 4.31 2.2
75%perc 6.52 6.56 6.31 5.83 5.97 5.51
In table 2.8 we present the Cachart, Fama-French and Fung-Hsieh alphas,
and the Sharp ratios of the top funds according to the Lowest R-Squared for
each of the model we examine from 1997 to 2008 rebalancing the portfolios
every 12 months: ICA, PCA, Fama-French (FF), Cachart (C4), Fung - Hseih
(FH) and Agarwal and Naik (AN). We report the average, 25% percentile,
median and 75% percentile across all strategies in order to see how the
model performs in general over all strategies.
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Table 2.9.: Alphas and Sharp ratios of lowest 20 ICA and Benchmark Mod-
els according to lowest R-squared
CACHART ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 3.25 3.12 4.69 4.72 4.43 3.41
Distressed 4.52 4.48 4.27 4.43 4.52 4.99
Emerging Markets 2.84 2.57 -0.61 2.34 0.95 2.05
Equity LS 4.53 4.56 3.5 4.11 2.89 3.99
Equity Market Neutral 3.28 3.39 2.99 1.73 2.7 1.81
Event Driven 5.81 5.2 4.39 5.16 4.25 5.98
Fixed Income Relative Value 2.94 2.74 2.87 2.29 3.11 1.72
Fund of Funds 1.4 1.83 1.72 4.06 2.04 3.29
Macro 0.95 -0.44 2.71 3 4.08 2.24
Managed Futures 1.8 3.24 4.21 5.47 2.51 5.83
Merger Arbitrage 2.55 2.48 2.54 2.65 2.47 2.36
Multi-Strategy 2.54 1.45 3.25 3.48 2.85 4.26
Systematic Trading 3.04 1.65 1.22 2.26 0.75 1.35
average 3.03 2.79 2.9 3.51 2.89 3.33
25% perc 2.54 1.83 2.54 2.34 2.47 2.05
median 2.94 2.74 2.99 3.48 2.85 3.29
75%perc 3.1 3.28 3.31 4.07 2.95 4.06
FAMA FRENCH ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 3.38 3.26 4.33 4.83 4.3 3.45
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Distressed 4.63 4.59 4.52 4.83 4.73 5.51
Emerging Markets 3.21 2.81 0.53 3.55 2.4 2.87
Equity LS 4.55 4.66 4.28 5.24 3.49 5.14
Equity Market Neutral 3.51 3.54 4.05 2.41 3.19 2.21
Event Driven 5.86 5.35 4.72 5.44 4.46 6.36
Fixed Income Relative Value 2.94 2.7 2.88 2.12 2.96 1.58
Fund of Funds 1.75 2.15 2.22 4.86 2.58 3.87
Macro 1.15 -0.05 3.76 4.18 5.19 2.96
Managed Futures 2.17 3.36 4.58 5.4 2.98 5.94
Merger Arbitrage 2.68 2.59 2.72 2.76 2.62 2.46
Multi-Strategy 3 1.81 4.04 4.39 3.8 5.24
Systematic Trading 3.28 1.82 1.79 2.55 1.1 2.08
average 3.24 2.97 3.42 4.04 3.37 3.82
25% perc 2.68 2.15 2.72 2.76 2.62 2.46
median 3.21 2.81 4.04 4.39 3.19 3.45
75%perc 3.34 3.41 4.1 4.95 3.57 5.17
FUNG HSIEH ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 3.2 3.1 3.92 4.2 3.88 3.16
Distressed 4.94 4.91 4.97 5.53 4.88 5.53
Emerging Markets 2.47 2.15 -0.43 2.64 0.46 1.7
Equity LS 4.59 4.89 4.17 6.57 4.05 5.29
Equity Market Neutral 3.38 3.36 3.73 1.94 2.88 1.97
Event Driven 5.89 5.34 4.93 6.01 4.71 6.24
Fixed Income Relative Value 2.84 2.62 2.03 1.33 2.05 0.8
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Fund of Funds 1.83 1.91 2.15 4.17 2.37 3.47
Macro 1.33 -0.04 4.02 4.09 5.01 3.44
Managed Futures 1.76 2.97 4.6 5.26 3.68 6.37
Merger Arbitrage 3.22 3.13 3.21 3.29 3.04 2.78
Multi-Strategy 3.12 1.84 5.04 4.66 4.81 5.42
Systematic Trading 2.69 1.54 1.58 3.02 1.44 2.83
average 3.17 2.9 3.38 4.06 3.33 3.77
25% perc 2.47 1.91 2.15 3.02 2.37 2.78
median 3.12 2.97 3.92 4.17 3.68 3.44
75%perc 3.26 3.19 4.27 4.81 4.22 5.32
In table 2.9 we present the Cachart, Fama-French and Fung-Hsieh alphas,
and the Sharp ratios of the lowest 20 funds according to the Lowest R-
Squared for each of the model we examine from 1997 to 2008 rebalancing the
portfolios every 12 months: ICA, PCA, Fama-French (FF), Cachart (C4),
Fung - Hseih (FH) and Agarwal and Naik (AN). We report the average,
25% percentile, median and 75% percentile across all strategies in order to
see how the model performs in general over all strategies.
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Table 2.10.: Alphas and Sharp ratios of Best ICA and Benchmark Models
according to highest R-squared
CACHART ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 11.3 11.3 6.17 2.37 -0.25 4.52
Distressed 10.79 10.79 -6.83 -1.07 -9.36 3.02
Emerging Markets 10.04 10.06 1.37 -0.84 -2.17 5.08
Equity LS -0.45 1.55 1.72 0.36 0.36 -0.05
Equity Market Neutral -7.25 -3.4 3 3.09 3.77 1.93
Event Driven 38.57 38.57 0.59 -0.23 -0.38 4.67
Fixed Income Relative Value -16.29 -16.29 2.18 0.84 1.6 1.08
Fund of Funds 13.7 16.44 -0.64 5.05 -0.64 -1.58
Macro 4.36 7.24 0.9 0.96 0.9 0.71
Managed Futures -23.1 -2.8 0.69 0.28 -0.42 -2.81
Merger Arbitrage 2.33 2.33 -1.96 -0.43 0.81 0.99
Multi-Strategy -5.62 -5.46 3.26 1.21 3.01 4.11
Systematic Trading -25.57 -25.57 3.86 5.11 3.33 4.37
average 0.99 3.44 1.1 1.28 0.04 2
25% perc -7.25 -3.4 0.59 -0.23 -0.42 0.71
median 2.33 2.33 1.37 0.84 0.36 1.93
75%perc 5.78 7.94 2.39 1.73 1.95 4.17
FAMA FRENCH ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 9.37 9.37 8.23 3.42 0.86 6.73
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Distressed 3.06 3.06 -6.75 -1.13 -8.96 2.79
Emerging Markets 12.64 12.66 0.4 -0.36 -3.19 3.24
Equity LS -0.52 1.39 1.18 0.32 0.32 -0.16
Equity Market Neutral -2.06 2.07 2.82 2.73 3.89 1.92
Event Driven 26.12 26.12 0.9 -0.53 0.47 4.06
Fixed Income Relative Value -14.22 -14.22 3.69 0.88 2.54 0.79
Fund of Funds 11.8 15.48 -0.82 4.95 -0.82 -1.42
Macro 6.56 9.66 5.27 4.14 5.27 5.11
Managed Futures -18.3 1.85 0.88 0.11 -0.1 -1.45
Merger Arbitrage -1.57 -1.57 -5 -2.46 -0.46 0.29
Multi-Strategy -9.9 -10.76 3.63 3.25 3.91 5
Systematic Trading -34.39 -34.39 5.14 6.32 5.06 5.4
average -0.88 1.59 1.51 1.66 0.67 2.49
25% perc -9.9 -1.57 0.4 -0.36 -0.46 0.29
median -0.52 2.07 1.18 0.88 0.47 2.79
75%perc 7.87 10.41 3.65 3.47 3.89 4.29
FUNG HSIEH ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 7.56 7.56 5.87 1.91 -0.08 4.11
Distressed 0.53 0.53 -9.44 -1.9 -8.79 3.01
Emerging Markets 5.42 5.49 -1.83 -0.86 -5.64 2.12
Equity LS -3.01 -1.38 0.89 -0.3 -0.3 -3.93
Equity Market Neutral -3.42 -0.1 3.26 5.16 4.45 3.55
Event Driven 26.57 26.57 3.21 1.48 2.66 4.88
Fixed Income Relative Value -5.94 -5.94 2.52 0.15 1.86 0.78
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Fund of Funds 13.61 15.07 1.8 6.21 1.8 1.82
Macro 3.71 8.08 0.55 0.14 0.55 0.35
Managed Futures -14.53 1.11 3.05 1.94 2.22 -1.16
Merger Arbitrage -1.99 -1.99 -1.89 0.34 3.19 2.38
Multi-Strategy -10.7 -13.26 4.22 3.73 3.72 3.99
Systematic Trading -35.81 -35.81 5.1 6.48 4.01 4.02
average -1.38 0.46 1.33 1.88 0.74 1.99
25% perc -5.94 -1.99 0.55 0.14 -0.08 0.78
median -1.99 0.53 2.52 1.48 1.86 2.38
75%perc 4.14 6.14 3.23 4.09 3.32 3.66
SR
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 0.09 0.09 0.19 0.14 0.08 0.15
Distressed 0.07 0.07 -0.06 0.05 -0.06 0.18
Emerging Markets 0.09 0.09 0.07 0.06 0.03 0.12
Equity LS 0.03 0.06 0.08 0.05 0.05 0.01
Equity Market Neutral -0.05 -0.01 0.13 0.16 0.15 0.13
Event Driven 0.17 0.17 0.15 0.08 0.14 0.17
Fixed Income Relative Value -0.05 -0.05 0.11 0.1 0.1 0.14
Fund of Funds 0.12 0.11 0.1 0.18 0.1 0.08
Macro 0.11 0.19 0.08 0.06 0.08 0.08
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Managed Futures -0.06 0.03 0.14 0.11 0.12 0.03
Merger Arbitrage 0.03 0.03 0.01 0.07 0.1 0.1
Multi-Strategy -0.02 -0.03 0.15 0.14 0.15 0.17
Systematic Trading -0.15 -0.15 0.16 0.18 0.14 0.16
average 0.03 0.05 0.1 0.11 0.09 0.12
25% perc -0.05 -0.01 0.08 0.06 0.08 0.08
median 0.03 0.06 0.11 0.1 0.1 0.13
75%perc 0.1 0.1 0.14 0.15 0.14 0.15
In table 2.10 we present the Cachart, Fama-French and Fung-Hsieh alphas,
and the Sharp ratios of the highest fund according to the Highest R-Squared
for each of the model we examine from 1997 to 2008 rebalancing the port-
folios every 12 months: ICA, PCA, Fama-French (FF), Cachart (C4), Fung
- Hseih (FH) and Agarwal and Naik (AN). We report the average, 25%
percentile, median and 75% percentile across all strategies in order to see
how the model performs in general over all strategies.
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Table 2.11.: Alphas and Sharp ratios of Best 20 ICA and Benchmark Models
according to highest R-squared
CACHART ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 4.85 4.5 2.29 1.94 2.3 2.13
Distressed 3.01 3.24 3.12 3.29 2.89 2.56
Emerging Markets 11.12 11.61 3.18 2.04 2.6 3.46
Equity LS 4.84 6.64 0.97 2.02 1.71 1.8
Equity Market Neutral 0.77 0.54 1.49 2.19 0.04 0.19
Event Driven 5.67 5.98 2.49 1.39 2.26 2.21
Fixed Income Relative Value 4.18 4.27 0.08 1.09 0 -0.09
Fund of Funds 4.32 4.29 0.84 1 0.72 1.16
Macro 2.2 2.54 0.06 2.42 0.67 1.35
Managed Futures 1.68 1.87 1.71 0.02 1.65 0.11
Merger Arbitrage 2.1 2.07 2.34 2.14 2.12 2.18
Multi-Strategy 5.88 6.08 1.44 2.84 1.32 1.61
Systematic Trading 3.81 2.86 4.15 2.24 3.21 2.91
average 4.19 4.35 1.86 1.89 1.65 1.66
25% perc 2.2 2.54 0.97 1.39 0.72 1.16
median 4.18 4.27 1.71 2.04 1.71 1.8
75%perc 5.05 6.01 2.38 2.21 2.16 2.18
FAMA FRENCH ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 4.1 3.7 2.1 1.49 1.95 1.92
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Distressed 3.33 3.61 3.28 3.37 2.98 2.48
Emerging Markets 11.49 11.83 2.7 0.96 2.29 3.88
Equity LS 3.82 5.96 -0.29 1.24 1.01 1.11
Equity Market Neutral 1.91 1.88 2.68 3.5 1.99 2.15
Event Driven 4.3 4.51 2.18 1.32 1.96 2.16
Fixed Income Relative Value 3.89 4.03 -0.02 1.07 -0.16 -0.21
Fund of Funds 5.18 5.13 2.04 2.22 2.05 2.74
Macro 3.76 4.13 0.49 2.79 1.1 1.89
Managed Futures 4.13 4.32 3.84 0.54 3.39 1.29
Merger Arbitrage 1.83 1.79 2 1.84 1.79 1.91
Multi-Strategy 7.06 7.26 2.56 3.34 2.55 2.81
Systematic Trading 4.42 3.87 4.89 2.69 4.22 4.09
average 4.55 4.77 2.19 2.03 2.09 2.17
25% perc 3.76 3.7 2 1.24 1.79 1.89
median 4.1 4.13 2.18 1.84 1.99 2.15
75%perc 4.71 5.34 2.69 2.71 2.36 2.76
FUNG HSIEH ALPHA
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 2.35 1.91 0.96 0.51 0.85 0.83
Distressed 3.29 3.44 3.15 3.08 2.95 2.17
Emerging Markets 11.51 11.82 1.58 0.26 1.35 3.36
Equity LS 4.29 6.02 0.45 2.57 1.86 1.77
Equity Market Neutral 2.46 2.12 3.37 3.94 2.68 2.79
Event Driven 4.44 4.81 3.29 2.84 3.25 2.83
Fixed Income Relative Value 2.58 2.62 -0.55 0.16 -0.86 -0.81
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Fund of Funds 3.48 3.46 2.57 2.19 2.49 2.37
Macro 1.99 2.48 0.35 2.79 0.66 1.13
Managed Futures 4.19 4.69 1.09 -0.32 1.18 0.22
Merger Arbitrage 2.56 2.54 2.66 2.47 2.53 2.82
Multi-Strategy 7.99 8.52 2.95 3.9 2.69 3.04
Systematic Trading 5.46 5.46 5.43 3.61 3.43 5.03
average 4.35 4.61 2.1 2.15 1.93 2.12
25% perc 2.56 2.54 0.96 0.51 1.18 1.13
median 3.48 3.46 2.57 2.57 2.49 2.37
75%perc 4.7 5.6 3.03 3.03 2.68 2.88
SR
Investment Objective ICA PCA FF FH C4 AN
Convertible Arbitrage 0.16 0.14 0.13 0.11 0.11 0.12
Distressed 0.21 0.22 0.22 0.22 0.21 0.19
Emerging Markets 0.2 0.21 0.13 0.11 0.13 0.14
Equity LS 0.16 0.19 0.08 0.13 0.12 0.11
Equity Market Neutral 0.19 0.17 0.32 0.36 0.22 0.23
Event Driven 0.18 0.18 0.19 0.18 0.19 0.22
Fixed Income Relative Value 0.21 0.21 0.1 0.17 0.08 0.1
Fund of Funds 0.17 0.17 0.19 0.18 0.18 0.19
Macro 0.15 0.16 0.11 0.16 0.12 0.14
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Managed Futures 0.11 0.12 0.13 0.06 0.12 0.08
Merger Arbitrage 0.25 0.25 0.29 0.27 0.27 0.28
Multi-Strategy 0.15 0.15 0.19 0.23 0.19 0.2
Systematic Trading 0.08 0.08 0.24 0.11 0.22 0.21
average 0.17 0.17 0.18 0.18 0.17 0.17
25% perc 0.15 0.15 0.13 0.11 0.12 0.12
median 0.17 0.17 0.19 0.17 0.18 0.19
75%perc 0.19 0.2 0.2 0.19 0.2 0.21
In table 2.11 we present the Cachart, Fama-French and Fung-Hsieh alphas
and the Sharp ratios of the top 20 highest fund according to the Highest R-
Squared for each of the model we examine from 1997 to 2008 rebalancing the
portfolios every 12 months: ICA, PCA, Fama-French (FF), Cachart (C4),
Fung - Hseih (FH) and Agarwal and Naik (AN). We report the average,
25% percentile, median and 75% percentile across all strategies in order to
see how the model performs in general over all strategies.
92
3. Classification and Replication of
hedge fund returns using
Support Vector Machines
3.1. Introduction
In this chapter we investigate the difficult task of replicating the returns of
hedge funds and also try to classify them according to their strategies with
the most optimal way. For this purpose we use the well established machine
learning tool of Support Vector Machines (SVM) for both classification and
replication of hedge fund returns. The SVM model is able to identify the
non-linearities that hedge fund returns exhibit (as we observe clearly in
the previous chapter), and provide both more accurate classification and
replication than the linear alternatives.
The complex universe of hedge fund, in recent years, has grown signifi-
cantly revealing some of their aspects more clearly than in their first years
of existence. The higher absolute returns of the past have dropped notably,
showing that the dynamic strategies that hedge funds follow and the abil-
ity of their managers are too expensive for the investors, as the returns
can barely cover the fees they charge. As a results investors are, more and
more, looking for alternative solutions and products that have similar -if not
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same- properties with hedge funds but in a cheaper and more transparent
way, than hedge funds themselves.
For this purpose trying to identify the real investment nature of the dif-
ferent hedge funds, that only provide a general self-reported classification,
and classify them correctly, has become extremely important for risk man-
agement purposes. Additionally and more significantly, replication of the
returns of the desirable hedge funds may be a very good solution, both in
cost and returns, as a cheap alternative to investing in the real ones.
To do so, first we investigate which quantitative information of hedge
funds provides us with the most accurate classification. As most researchers
use past returns (see Brown and Goetzmann (2001), Maillet and Rousset
(2003) and others), we show that instead of using past returns in order to
classify our funds, using risk exposures in the form of betas, the classification
results become more accurate. Our results agree with Criton and Scaillet
(2010) which is to our knowledge the only known paper to have done a
similar investigation, however under a different procedure.
Second we use a variation of SVM, the Support Vector Regression in
order to replicate hedge fund returns on a month to month basis, using a
big dataset of past linear and non linear standard asset classes (see section
2.5.2). As we test a variety of non linear basis functions for our model,
we show that the SVR model is able to replicate future hedge returns more
successfully in terms of real out of sample root mean squared errors (RMSE)
than classic linear models like the Cachart (1997) model and the Fung and
Hsieh (2001) hedge fund model.
The rest of the paper is organised as follows: in section 3.2 we introduce
and discus the relevant literature for classification and replication methods
for hedge funds. In section 3.3 we describe the methodology of the paper and
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the theoretical framework of SVM and SVR and in section 3.4 we present
the data we use in our investigation. In section 3.5 we analyze the empirical
results and finally in section 3.6 we have the conclusions.
3.2. Relevant Literature
Current research in the field of replication and classification of hedge funds
is limited majorly in linear factor models or distributional replication that
we will analyze later. The contribution of this paper lies on the grounds of
introducing a machine learning non linear model in order to obtain more
accurate results. The need of investors for cheap alternative solutions made
the concept of hedge fund replication quite popular and it is observed that
demand for passive hedge fund investments alternatives has increased as
Tancar and Viebig (2008) underline. The replication idea deals with find-
ing an optimal combination of classic assets and possible derivatives that
are able to mimic the desirable properties of hedge funds, meaning higher
returns and low correlation with standard assets. If such a replication is
possible, there can be shed light in many aspects of investing in hedge fund:
First of all we are able to identify how hedge fund managers are manag-
ing their assets. This is vital for asset allocation and risk management
purposes for funds of funds (many studies have shown that funds of funds
underperform in the majority of the cases and thus, a replicating tool may
boost considerably their performance by lowering significantly the costs of
investing in fund of funds). Additionally investors can have hedge fund like
returns but in a less costly way. Finally, a good replication can give us
an outstanding benchmark for measuring performance for hedge funds, as
obtaining an accurate alpha estimate (of various models) is not as straight
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forward as in the case of mutual funds, and other performance measures
like the Sharpe ratio may be biased due to the extensive use of derivatives
as Goetzmann, Ingersoll, Spiegel and Welch (2006) showed.
The key question here is how one could do this replication, as it is a
very difficult task to do because of the active and dynamic nature of hedge
funds. So far there are 3 major categories of hedge fund return replication
in the literature: The factor approach, the distributional approach and the
learning approach. The first one is the most popular as it derives the idea
from well known approaches like the classic models of Fama and French and
the model of Sharpe (1992) for the case of mutual funds. By this method
we try to define the risk - return relationship of hedge fund returns using a
number of factors that drive the returns. Our task is to identify the correct
factors that influence hedge fund returns, which is a very difficult task, and
thus to identify if the fund delivers alpha or not. This method gains much
popularity and now more and more banks and funds of hedge funds follow
this approach.
The second approach is the distributional approach. The idea behind it,
is completely different than the previous straight forward one, and focuses
on the replication of the final hedge fund return distribution rather than
trying to match returns in a month-to-month basis like in the case of factor
models. This approach has been proposed mainly by Kat and Palaro (2005)
and their Fundcreator distributional replicator method. Finally we have the
learning approach which is the least developed so far. Here we have the use
of specialized learning algorithms that trying to learn from specific rules
the true non-linear nature of hedge fund returns. This method can be very
promising, though because of its technical nature we cannot find relevant
articles in the literature and it is applied majorly by hedge funds using
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undisclosed models.
In the extensive literature of factor models for hedge funds we see Fung
and Hsieh (1997) in their classic paper which is the first to present a factor
model for hedge funds, showing however that due to the dynamic strate-
gies that hedge funds are following, simple linear models in the context of
Sharpe, show little explanatory power. After this pioneering approach many
researchers tried to shed some light on risk factors that explain hedge fund
returns and followed two major approaches: external and internal factor
models. The first category tries to identify the factors that influence hedge
fund returns from a vast number of financial benchmarks and assets, like eq-
uity indices, bond returns and commodity returns. Researchers like Jaeger
and Wagner (2005), Hasanhodzic and Lo (2007), Smedts and Smedts (2007),
Newsome and Turner (2006) try to explain hedge fund returns using classic
financial factors like in the case of mutual funds. In all the cases we observe
that simple linear factors cannot add value in the risk-return context, as for
the majority of the styles explored, the explanatory power of the models
and the out of sample performance is poor. The R¯2 they present is in the
levels around 30% on average with the exception of the equity strategies are
it is significantly higher, which shows a quite low explanatory power. Here
we have to note that in all cases relative hedge fund indices are used to
represent the individual strategies, something that as shown in the previous
chapter the explanatory power of models raises considerably because of the
averaging effect, in comparison with the individual funds which is usually
lower, but by far more realistic. All the above reconfirm Fung and Hsieh
(1997) who underlined the non linear dynamics of hedge funds and the need
of inclusion of factors of non-linear nature in the model.
The introduction of non linear factors under a linear context is a major
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breakthrough in the hedge fund literature, as it is a very good way to model
the dynamic and complex strategies that fund managers apply. From early
research of the behaviour of hedge fund returns, it is clear that the linear
case that applies well in mutual funds is problematic for hedge funds. The
first to include the idea of non linear factors in a pricing model are Fung and
Hsieh (2001) who apply the initial idea proposed back in 1997. They propose
a non linear factor that captures the trend follower funds, a popular fund
style, and major strategy. The factor is created using lookback straddles on
major asset classes like commodities, bonds and FX. These factors augment
the explanatory power of the model and reach it to around 50%, a high R¯2
for the specific style. However the model the writers are using includes also
a prespecified number of factors, omitting important factors like emerging
markets, momentum or the HML factor of Fama and French. Additionally
the R¯2 is still not high enough, and reassures the statement of omitted
factors above.
Mitchell and Pulvino (2001) create a factor of non linear nature by long-
ing the target company and shorting the acquirer company in a merger
situation. By this strategy the try to capture the dynamics of the merger
arbitrage style. The factor behaves similarly to the trend followers factors.
Agarwal and Naik (2004) use call and put option on the S&P 500 index
to model the strategies that long/short equity funds apply, synthetically.
These factors are statistical significant for equity based styles and also in-
crease explanatory power of the model around 90% (again using indices and
not individual funds), while it does not work very well for other categories.
For the most difficult cases of fixed income based strategies are investigated
by Agarwal et al. (2009) and Duarte, Longstaff and Yu (2007). Whereas
the synthetic factors adds value on the models, the R¯2 is still low (around
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60%) and must be investigated further.
A different approach from the one described above, is the internal fac-
tor approach. Instead of trying to find the most important factors that
influence hedge fund returns externally by adding regressors, we derive the
factors internally, from our data, using an appropriate statistical or signal
processing technique. Our task then is to identify economically, what these
factors represent in an investable way. This is the most important task,
because in order to achieve a successful replication, we must use investable
factors in order to be able to do the replication in real terms. Fung and
Hsieh (1997) are the first to introduce the PCA method in their classic
paper. They used a rule based on Mean Squared Error (MSE) to identify
economically the statistical factors (5 principal components). Again while
the explanatory power of the model is significantly increased, it is still low
for proper asset allocation and risk and performance measuring of hedge
funds. However, the writers set the standards for the next 10 years and
provided ideas that shed light to the hedge funds dynamic nature. Amenc
and Martellini (2004) and Alexander and Dimitriu (2004) extended these
ideas using PCA for asset allocation problems. They manage to get port-
folios with lower volatility and similar returns with classic benchmarks and
they increased also the R¯2, however not considerably.
On the other hand Olszewski (2006) and Amaxopoulos (2011) apply a
similar, but more powerful technique called Independent Component Anal-
ysis (ICA). The Olszewski uses it for long/short equity strategies and while
it finds that ICA works better than PCA the analysis is very limited, with-
out any real life applications. Amaxopoulos presents a holistic analysis for a
large dataset of hedge funds and shows that ICA outperforms significantly
the external linear and non linear model described above in explanatory
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power, while in the out of sample asset allocation case, ICA outperforms
the benchmarks in the majority of the cases, giving lower volatility, but in
terms of absolute returns the gains are marginal.
The distributional approach, which is the second main category, is in-
troduced mainly by a series of papers of Kat and Palaro, starting in 2005
until today. Their basic idea is to actually replicate hedge funds statistical
properties, a rather different approach than factor models. This means that
the returns that are produced as a result of the replication just have the
same distributional characteristic only at the end of the investing horizon.
This is an assumption the authors do along with a number of others that
are discussed below.
The idea of the distributional approach rises from the combination of
two basic tools: the Payoff Distribution Pricing Model of Dybvig or PDPM
(1998) and the use of Copulas, a statistical tool that gives the relationship
between distributions via a function. The PDPM does 3 basic assumptions:
the investor cares only for the end of horizon distribution, we have perfect
markets and investors want more than less and presents a theory regarding
how to obtain the cheapest possible payoff distribution. The first assump-
tion which is the basic idea that the distributional approach is based on, is a
major limitation and we discuss it later on this section. With the introduc-
tion of this model in the hedge fund return replication problem, the authors
alter the assumptions to a more problem specific one: ”Investors preferences
depend only on the probability distribution of terminal wealth derived from
the investment conditional on the distribution of terminal wealth derived
from their existing portfolio”.1 The authors call this distribution as the
desired distribution while the distribution of the reserve asset and the in-
1See Kat and Palaro (2005), p. 12.
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vestor’s portfolio is the building block distribution. Thus the PDPM is used
to transform the first distribution to the second one in the cheapest possible
way, which is the goal of replication.
In Kat and Palaro (2006) the authors provide a description of their
method in five steps:
1. One needs monthly returns of the fund to be replicated along with data
for the reserve asset (the euro-dollar future in principal, but later the
authors use a portfolio of all the classic asset classes).
2. The relationship of the investors’ portfolio distribution with the dis-
tribution of fund returns and reserve asset returns is modelled using
numerous multivariate distributions and copulas, and obtaining the
optimal using an information criterion like AIC.
3. The cheapest payoff function is been chosen via the use of copulas and
the PDPM theory.
4. The payoff function is priced using an option pricing model.
5. Finally the replicated returns are compared with the original ones and
define if the replication is cheaper than the original strategy through
the Kat and Palaro efficiency measure.
An extensive application of the Fundcreator method (the distributional ap-
proach) can be summarized at Kat and Palaro (2007) where 875 funds of
hedge funds and 2073 individual hedge funds up to November 2006. Using
their efficiency measure they found that only around 20% of the funds of
funds and hedge funds outperformed their replicated benchmarks, making
the authors to state that their replication technique is superior to simply
investing in hedge funds. One, however, must be cautious when interpreting
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these results, as there are no classic fund performance measures like alphas
or Sharp ratios that can show the true performance of the replicated syn-
thetic returns. Of course there are many questions and inconsistencies in
the above approach, not only considering it from a technical aspect, but
also from a more fundamental aspect. These problems are discussed below.
Papageorgiou, Remillard and Hocquard (2007) try to correct for some of
the technical inconsistencies in the original approach, namely the fact that
the authors tried to replicate monthly hedge fund returns using daily strate-
gies and the use of a normal distribution based approach (Black - Scholes
framework) for the pricing of the replication strategy, while from the results
it is obvious that the vast majority of the fund are distributed non-normally.
The results are similar to those of Kat and Palaro (2007), yielding a good
replication for the standard deviation and less accurate one for skewness
and kurtosis. Although this approach is technically more robust, there are
significant problems with the general context of the method.
The original authors an address some of the criticism regarding their
model, but still there are major questions regarding the efficiency of the
method. The most important one is the basic assumption of the distribu-
tional approach, i.e. the investor cares only for the end of his investment
horizon returns distribution. This is a major simplification and non realistic
one, as the very recent stock market crisis showed that it is very possible
that the fund will not last until the end of the investor’s horizon if a series
of negative returns happens at a point. Thus the month to month approach
of the factor models can show the relative risks that a fund takes and are
able to identify this possibility, making the fund manager more cautious
of his asset allocation. Additionally, the time of convergence to the hedge
fund distribution is not guaranteed in a specific time horizon and again
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there may be existence problems of the fund before it delivers the required
returns. There are also a number of questions regarding the replication
of returns and the reserve asset, as we can observe that the choice of the
reserve asset is done in a pure ad-hoc procedure and the approach focuses
majorly on higher moments and does not give a clear point regarding the
actual replication of the 1st moment.
3.3. Methodology and theoretical framework
3.3.1. Introduction
In this paper we are dealing with the third and powerful category of the
learning algorithms in order to achieve efficient and realistic fund replica-
tors. Taking under consideration the dynamic and non-linear nature of
hedge fund returns, one of the most successful and appropriate model to
capture these features are the Support Vector Machines (SVM). SVM is
an approach under the machine learning theory of Vapnik for classifica-
tion and regression problems and is proposed by Vapnik (1995). The idea
of machine learning theory comes from statistics and Artificial Intelligence
(AI) approaches and as a result of this fact, SVM does not have the prob-
lem of spurious relationships, local minima and other well known problems
that classic AI models like Neural Networks have. A major difference from
the latter is that SVM minimizes the Structural Risk Minimization (SRM)
principal instead of the Empirical Risk Minimization (ERM) we observe in
classic models, where in the first case ”the learning algorithm minimizes an
upper bound of the expected error, while in the second case we have the
minimization of the error over the training set” as Gunn (1998) describes.
Additionally, the SVM methodology provides a global minimum.
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For the task of hedge fund replication the SVM methodology can be ideal,
as the model is able to learn from a number of classic financial assets how
to replicate next month’s returns due to the non-linear properties it may
capture, providing a global solution. This is quite an alternative method to
the ones have been proposed so far, as we introduce the statistical machine
learning theory in the fields of hedge funds. In the next part we briefly
explain the major idea behind SVM and then introduce the Support Vec-
tor Regression model (SVR) that we use for the replication of hedge fund
returns.
3.3.2. The model2
SVM is first introduced for solving classification and clustering problems.
Let us first introduce the simplest case of a classification problem in order
to understand the building blocks of the SVM model. Given a set of data:
{(x1, y1), ..., (xn, yn)}, x ∈ Rn, y ∈ {−1, 1} meaning we want to classify y to
as negative or positive according to its x, if our dataset is linearly separable,
there must exist a hyperplane of the form: 〈w, x+b = 0〉, where w and b are
the appropriate parameters and 〈·〉 is the dot product, which separates our
dataset. Using the idea of the maximum margin hyperplane (meaning the
hyperplane that separates the data, having the maximum distance between
them) the SVM problem in this simplest case is proved to transform to the
optimization problem:
minw,b〈w · w〉 (3.1)
subject to
yi(〈w · xi + b〉) ≥ 1 i = 1, ..., n (3.2)
2The analysis is based on the technical report of Gunn (1998).
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If we use the duality principle regarding this problem, by differentiating the











yiαi = 0 (3.4)
αi ≥ 0, i = 1, ..., n






and the maximum margin of the hyperplane equalsγ = 1/ ‖ w∗ ‖2. In this
way, by solving the optimization problem we are able to separate linearly
the hyperplane. Of course in reality the linear case is not working correctly
in most cases, especially in the hedge fund world, which is dominated by non
linear relationships between them. For this reason there have been proposed
(see: Aronszajn (1950), Girosi (1997), Heckman (1997), Wahba (1990)) non
linear functions that allow the SVM model to separate the hyperplane in a
non linear way.
We define the kernel as:
K(χ, χ′) = 〈ϕ(χ), ϕ(χ)′〉, (3.5)
The most important kernels used and the ones we use in this chapter are:
• The polynomial:
K(χ, χ′) = (〈χ, χ′〉+ 1)d. (3.6)
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• The Gaussian radial basis function:













(χ− τs)κ+(χ′ − τs)κ+. (3.8)
3.3.3. Classification and Replication
In the previous sections we saw the theoretical parts of the SVM model and
their basic characteristics. Here we discuss the general methodology of how
one can replicate hedge fund returns using the SVM model. A first step that
is quite interesting to take is to investigate how funds differ from one another
based on their investment characteristics. In other words we want to see if
the investment styles the fund managers declare they follow, are consistent
and if funds of different styles belong in reality in the same category. This
is a very important step, as in order to replicate individual funds one must
know their basic characteristics. And as different investment styles have
different characteristics we need to understand better the true nature of the
hedge funds. This style classification task is first applied by Goetzmann
and Brown (2001) and here we propose an alternative classification.
The second and basic step is to replicate the fund’s returns using the SVM
methodology. As we see above, the SVM framework is able to replicate and
indentify clusters of funds. A question would be how to replicate the returns.
The factor literature proposes a large number of financial factors and indices
that may do this job in a linear context. In order to obtain the non linear
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features of hedge funds, non linear factors based on option strategies have
been proposed. An alternative may be to use Assets under Management
and/or equity holdings. In this way we may be able to replicate returns
using inner factors, while in the first case we are using outer factors.
Regarding the first step, we try to classify funds according to past returns,
which is the common practice, but also to exposures to specific risk factor
loadings, (in our case loadings on the Fung and Hsieh 7 factor model). We
want to show that risk factor loadings may be more informative than simple
past returns, as the loadings describe better the real investment strategy a
fund may follow. The SVM use a period of 36 months and will try to
successfully classify funds, by using 200 funds in order to train the model
and use the model parameters to explain the rest of our in sample period
data. We bootstrap the data 100 times in order to test for the stability of
the SVM model and if it really converts to a similar global optimum. We
do the same task using instead of past returns the equivalent betas on the
Fung and Hsieh model. We classify the funds according to the one against
all method and it is a supervised classification. Finally to verify the results
we obtain the parameters we estimate in the in sample period and use them
to our out of sample period 1 year later, and we also report results for a
random classification. We do this task by investment objective, and the
kernel functions we use are the linear, the quadratic, the polynomial of 3rd
degree and the radial basis function.
Then the big challenge is to replicate the best funds using the SVR
methodology. By using last month’s returns from a vast number of finan-
cial and economic factors, we try to replicate next month’s returns. The
SVR which works as a non linear global approximator of the original hedge
fund return generator process is able to replicate highly dynamic and non
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linear returns like those of the hedge funds. This is an alternative way of
returns replication that differs both from factor modelsand the Fundcreator
approach of Kat and Palaro (2005). We also report results for the Fung and
Hsieh (2001) 7 factor model and the Cachart (1997) 4 factor model.
Additionally we do the same task by calibrating the parameters of the
SVR model in a yearly basis (rather than a monthly - rolling basis) in order
to investigate the stability and predictive power of our models (including
the benchmark models). If a model remains stable and gives better results
in longer periods of times, it is an extra evidence of understanding and
replicating the real properties of the fund. For the replication task we use
the linear, polynomial of 3rd degree, radial basis and spline based kernel
functions.
The breakthrough however for the SVR, is when we try to replicate equity
based funds using inner factors like AUM, qualitative characteristics of the
fund like: fees, lockup periods and strategies, and equity holdings. This is a
new approach in the hedge fund literature and may show us if inner or outer
factors influence more hedge fund returns and how we can replicate them
under a global non linear framework like that of SVR. Additionally we can
identify optimal combinations of the two approaches in order to replicate
funds in both directions: underlying strategies and external risk bearing.
However this part goes beyond the scopes of this paper.
3.4. Data and Factors description
3.4.1. Hedge Fund Data
Again for both the classification and replication task we use the same dataset
as in the previous chapter. We use dead and alive funds and their net-of-fee
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returns from the following providers: TASS, Hedge Fund Research, Cen-
tre for International Securities and Derivative Markets (CISDM), Barclays
Hedge and Morgan Stanley Capital International from August 2004 to July
of 2008. We used the period of August 2004 to July 2007 for the estimation
of our in-sample set for the classification task and the next 12 months as
an out-of-sample period for validation. For the replication again we used
the one year more for the in-sample and out of sample sets for training and
estimation of the support vector regressions and real out of sample valida-
tion using the well accepted Root Mean Square Error (RMSE) by using a
rolling window, thus having a 24 months period for the replication.
Most of the researchers usually use 24 months to 60 months for estimation,
and more rarely, up to 10 years of data. As it is widely known Hedge Fund
data, have a number of problems and biases. We do not have survivorship
biases as we include in the data funds that are dead and alive, and this is
based on the fact that we use multiple horizons. Additionally, we do not
have look forward biases as after July 2007, a fund may continue to be active
or may become inactive. Later on we use the methodology described above
for a new asset allocation method and for this reason we need funds to be
alive up to that day, as it is impossible to invest on a dead fund. We split the
data into 13 major categories: Convertible Arbitrage, Distressed, Emerging
Markets, Long/Short Equity, Equity Market Neutral, Event Driven, Fixed
Income Relative Value, Funds of Funds, Global Macro, Managed Futures,
Multi-Strategy funds and Systematic Trading funds. In table 3.1 we have
descriptive statistics for our in-sample Hedge Fund Data base.
[INSERT TABLE 3.1]
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3.4.2. Financial and Economic Factors Data
We use the same dataset that we use for the interpretation of the Indepen-
dent Components in order to replicate the individual hedge funds. We use
a broad range of financial factors that are widely used in the literature, in
Hedge Fund returns factor modelling. Both linear and non-linear synthetic
factors are used. By linear factors we mean buy-and hold strategies to clas-
sic indices from a wide range of markets. This is similar to Fama-French
(1992) or Sharpe (1992) models.
The choice of the linear factors is a very important issue. One should not
just consider the case where he gathers a big bulk of factors regardless their
nature and purpose. A huge discussion has been made regarding industry
or country factors can better explain the variation of the portfolio returns.
Another very interesting question is the ability of country factors to explain
industry features and vice versa. In the previous chapter we analyze well
this matter.
In our analysis we try to include the most appropriate factors that can
represent the major asset markets satisfactory, in order to represent every
potential risk source for hedge funds. Additionally we try to use total re-
turns of futures with the nearest expiration day. In this way the meaning
of long and short positions it is much clearer. We consider indices of equity
markets, bond markets, commodities and currencies, linear and non-linear.
Characteristic linear factors are: from FX Markets: futures from the ba-
sic currencies to US Dollar like Euro, Jen, Swiss Franc and so on. From
the Equity Markets, we included all the basic equity indices of the global
markets. From Bond Markets: Government bond futures of various ma-
turities and various states, Convertible bond indices for the US, EU and
Japan and the CS High Yield Index. From Commodity Markets: Futures
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of all major commodities including oil, gold, wheat and copper. We also
include the non-linear factors of both Fung and Hsieh (2001) and Agarwal




Table 3.2 shows the mean percentage of correct classification across each
strategy and across each SVM model based on past 36 hedge fund returns.
The in sample data is bootstrapped 100 times and are classified and the
percentages presented are the mean of this procedure. Then we give the
average and the 25th, median and 75th percentile across all strategies are
presented. This percentage result is a one against all type of classification.
[INSERT TABLE 3.2]
The major findings here are that in most categories the SVM models clas-
sify the funds with quite high percentage of correct classification. However
for the categories of Long/Short Equity, Funds of Funds and Multi-Strategy,
the percentage is significantly lower. This is something we may expect as
these investment styles are very broad and they contain many funds that
probably follow very different investment strategies. Especially the Funds of
Funds category where the correct percentage is as low form 57 to 77 percent.
[INSERT TABLE 3.3]
It is quite clear that the kernel that works the best with significantly
better results in all categories (average of 93.1%) it s the radial basis ker-
nel function. This is further evidence that hedge fund returns exhibit non
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linearities, as seen in Fung and Hsieh (1997), Amaxopoulos (2010) and oth-
ers. The radial basis function is considered the most appropriate function
to capture non linear relationships among data and we observe it in many
models, from the logit and probit models to neural networks and fuzzy logic
models. Additionally in table 3.3 we see the standard deviation of per-
centage of correct classification across each strategy and across each SVM
model based on past hedge fund returns for the 100 times we bootstrapped
our data. It is evident that the percentages that range from 2.4% to 0.12%
are generally stable, with the radial basis function again showing extraordi-
nary stability with a standard deviation of almost zero. Again the highest
standard deviations are observed for the 3 styles mentioned above.
[INSERT TABLE 3.4]
Now we investigate our results when instead of using past returns we use
the Fung and Hsieh 7 factor betas. Table 3.4 shows the mean percentage
of correct classification across each strategy and across each SVM model
based on past hedge fund FH betas. We follow again the same bootstrap
procedure we did before for the returns. It is obvious that for most models
we observe an increase in the correct classification percentage. This is a
very important finding as it shows that part of the non linear relationships
in the data that cannot be captured by the model, are now captured by the
betas and thus the model delivers more accurate results.
[INSERT TABLE 3.5]
The best model still remains the radial based one, with similar average
correct classification, but the rest of the kernels exhibit an increase on their
classification of about 3%-4% for the linear and quadratic kernels, while the
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polynomial kernel gives similar results. In the 3 broad categories with the
least accurate results we observe an increase on the percentage of on average
of 4% which shows that betas are more informative than past returns. Ad-
ditionally, the standard deviations in table 3.5 show a considerable decrease
which is further evidence that the betas add stability in the classification.
[INSERT TABLE 3.6]
To better test our model it is vital to test it under a real out of sample
task. In table 3.6 we see the out of sample statistics of our sample set,
one year later. It is evident that it differs in many way with the in sample
dataset, in both terms of statistics and number of funds included in each
category. This makes the classification task more challenging obviously.
[INSERT TABLE 3.7]
Table 3.7 shows the mean percentage of correct classification across each
strategy and across each SVM model based on past hedge fund returns
for the out of sample set. The whole out of sample data is used and is
classified and the percentages presented are the output of this procedure.
Then we give the average and the 25th, median and 75th percentile across all
strategies are presented. For the SVM classification we use the parameters
we obtained by calibrating our model on the in sample set. It is evident
that the percentages show a decrease from 2% to 10%, however they are
still close to 80% or more for most of the kernels with the exception of the
radial basis function kernel which shows similar accuracy as the in sample
set. Again the categories of Long/Short Equity, Funds of Funds and Multi-
Strategy show again the lowest percentages, with the radial based function
again outperforming the rest.
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[INSERT TABLE 3.8]
When we use betas for the classification we again have a considerable
increase in the classification accuracy. Table 3.8 shows the mean percentage
of correct classification across each strategy and across each SVM model
based on past hedge fund FH betas, for the out of sample set. Once more
the radial basis kernel works the best with similar performance as with
the previous cases examined. The increase in accuracy exceeds 10% in
some cases which is again evidence that betas are more appropriate for
classification purposes.
3.5.2. Replication results
In this section we analyze the replication results for the real out of sample
period we took under consideration. We report the root mean squared
errors (RMSE) of the 3 largest funds of each category. We do so because
it is the common practice in relevant literature in all types of replication
(Agarwal and Naik (2004), Kat and Palaro (2007), etc), as the results are
more consistent.
[INSERT TABLE 3.9]
Table 3.9 shows the RMSE of the in sample replication of the 3 biggest
funds based on AUM of each investment objective for 4 SVM models (Lin-
ear, Polynomial, Radial based function and spline) and the Fung and Hsieh
7 factor model and the Cachart 4 factor model benchmarks. The indepen-
dent variables where lagged one month in order to give estimates for next
month’s replication. The RMSE is based on a rolling window of 24 months
with monthly recalibration. We observe that all the SVM models fit signifi-
cantly better the hedge fund returns than the linear counterparts. Here the
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polynomial kernel shows the best fit followed by the spline. This difference
in performance in comparison to the classification shows that as these two
tasks differ in nature, different model may apply better in each case.
[INSERT TABLE 3.10]
The most important task however is to check the real out of sample per-
formance. Table 3.10 shows the RMSE of the out of sample replication (one
month ahead) of the 3 biggest funds based on AUM of each investment ob-
jective for 4 SVM models (Linear, Polynomial, Radial based function and
spline) and the Fung and Hsieh 7 factor model and the Cachart 4 factor
model benchmarks for the out of sample set. The independent variables
where lagged one month in order to give estimates for next month’s repli-
cation. The RMSE is based on a rolling window of 24 months with yearly
recalibration (1st and 13th month). We observe that the error is increased,
something that is expected as this is a real out of sample replication. The
SVM models perform better than the linear benchmarks (except the spline
kernel), showing that non linear models may work better in replicating
hedge fund returns. The polynomial kernel here again outperforms the
other specifications with an average RMSE of 2.55 and a median on 2.22.
The categories that show the highest errors are the distressed securities and
Systematic Trading. It is known by default that these 2 categories show
the highest non linearities and are difficult to replicate due to the dynamic
nature of their returns.
[INSERT TABLE 3.11]
As a robustness test we did the same out of sample replication but this
time we recalibrate the model every month. Table 3.11 shows the RMSE
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of the out of sample replication (one month ahead) of the 3 biggest funds
based on AUM of each investment objective for 4 SVM models (Linear,
Polynomial, Radial based function and spline) and the Fung and Hsieh 7
factor model and the Cachart 4 factor model benchmarks. The indepen-
dent variables where lagged one month in order to give estimates for next
month’s replication. The RMSE is based on a rolling window of 24 months
with monthly recalibration. We see that while the linear models show a
small increase in performance (frequency of calibration and performance is
positive in linear models), that s not the case for the SVM models. This
tells us that the SVM model is a stable model over longer periods of time
and need less frequent calibration. It is known that this maybe due to the
phenomenon of overfitting, which is common in leaning algorithms.
3.6. Conclusions
In this paper we investigate the replication and classification of hedge fund
returns using Support Vector Regression and Support Vector Machines re-
spectively. SVM and SVR are statistical machine learning models that
give the advantage of being able to explain and capture non linear rela-
tionships among data, and describe data of non linear nature (like hedge
fund returns). They also have statistical properties and converge to a global
minimum, unlike other learning algorithms like Neural Networks.
We show that SVM are able to classify hedge funds with accuracy, es-
pecially when a non linear kernel function is considered like a radial based
function. Additionally and more importantly, when we use betas on a fac-
tor model (the 7 Factor model of Fung and Hsieh (2001)) the classification
accuracy is increased considerably. This shows that betas are much more
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informative of the real nature of hedge funds and work much better in clas-
sification tasks, going in accordance with the results of Criton and Scaillet
(2010).
When replication of hedge fund returns is under consideration we see that
the SVR model out performs the linear counterparts in both in sample and
out of sample cases, in terms of the root mean squared errors. Again this
highlights the non linear nature of hedge fund returns. Finally when we find
evidence that the SVR model, in contrast with the linear models, need less
frequent recalibration, showing higher stability over time and also to avoid
the phenomenon of overfitting.
Of course there are potentials drawbacks on the method. The high di-
mensionality of the classification problem may provoke problems in the SVM
calibration. Criton and Scaillet (2010) also address to the problem and this
may be solved by following a stepwise classification task. Lowering the
dimensionality significantly.
One may also address that we only use external factors for our replication.
As this is the simplest and most widely used approach, we can also use other
sources of information for the funds like qualitative information (costs, fees,
redemption periods, management quality, taxes etc), internal factors as in
the context of chapter 2 and also hedge fund holdings, generating an internal
















































































































































































































































































































































































































































































































































































































































































































































































































Table 3.2.: In sample mean percentage of correct classification of the SVM
models and random benchmark based on hedge funds returns
Investment Objective Linear Quadratic Rbf Polynomial Random
CA 95.42% 93.64% 98.46% 92.24% 96.98%
D 96.28% 96.67% 99.22% 95.09% 98.46%
EM 93.77% 93.87% 96.73% 93.61% 93.65%
LSE 74.05% 72.41% 74.68% 73.60% 61.83%
EMN 92.83% 91.16% 97.24% 89.80% 94.65%
ED 89.82% 89.02% 95.92% 86.72% 92.16%
FIRV 89.90% 87.21% 95.01% 86.68% 90.55%
FOF 63.27% 65.63% 77.11% 56.64% 59.32%
M 90.92% 91.44% 95.97% 91.76% 92.30%
MF 93.96% 94.12% 97.27% 94.35% 94.77%
MA 98.08% 96.54% 99.69% 95.63% 99.39%
MS 80.09% 74.15% 86.58% 70.58% 77.00%
ST 93.10% 92.84% 96.31% 93.71% 92.95%
average 88.58% 87.59% 93.09% 86.19% 88.00%
25% perc 87.39% 83.95% 92.91% 83.41% 87.16%
median 92.83% 91.44% 96.31% 91.76% 92.95%
75%perc 94.33% 93.93% 97.57% 93.87% 95.32%
Table 3.2 shows the mean percentage of correct classification across each
strategy and across each SVM model based on past hedge fund returns.
The in sample data is bootstrapped 100 times and are classified and the
percentages presented are the mean of this procedure. Then we give the
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average and the 25th, median and 75th percentile across all strategies are
presented.
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Table 3.3.: In sample standard deviation of percentage of correct classifica-
tion of the SVM models and random benchmark based on hedge
funds returns
Investment Objective Linear Quadratic Rbf Polynomial Random
CA 1.12% 1.98% 0.02% 2.97% 0.11%
D 0.84% 1.01% 0.01% 2.40% 0.09%
EM 1.09% 1.37% 0.02% 2.17% 0.20%
LSE 1.42% 1.47% 0.12% 1.54% 0.42%
EMN 1.11% 1.80% 0.02% 3.71% 0.16%
ED 1.48% 1.80% 0.02% 2.93% 0.21%
FIRV 1.17% 2.01% 0.04% 2.11% 0.24%
FOF 1.53% 2.56% 0.97% 3.07% 0.45%
M 1.24% 1.84% 0.03% 1.65% 0.19%
MF 1.23% 1.69% 0.02% 1.60% 0.18%
MA 0.68% 1.55% 2.75E-05 2.38% 0.05%
MS 2.08% 2.18% 0.18% 3.18% 0.33%
ST 1.02% 1.60% 0.03% 1.35% 0.19%
average 1.23% 1.76% 0.12% 2.39% 0.22%
25% perc 1.07% 1.53% 0.02% 1.64% 0.15%
median 1.17% 1.80% 0.02% 2.38% 0.19%
75%perc 1.43% 1.99% 0.06% 2.99% 0.26%
Table 3.3 shows the standard deviation of percentage of correct classification
across each strategy and across each SVM model based on past hedge fund
returns. The in sample data is bootstrapped 100 times and are classified
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and the percentages presented are the standard deviation of this procedure.
Then we give the average and the 25th, median and 75th percentile across
all strategies are presented.
123
Table 3.4.: In sample mean percentage of correct classification of the SVM
models and random benchmark based on hedge funds FH betas
Investment Objective Linear Quadratic Rbf Polynomial Random
CA 98.32% 95.88% 98.46% 91.43% 96.98%
D 99.14% 97.21% 99.22% 93.29% 98.46%
EM 96.21% 94.14% 96.73% 91.30% 93.65%
LSE 75.21% 72.65% 74.99% 71.04% 61.83%
EMN 97.02% 93.63% 97.25% 88.93% 94.65%
ED 95.69% 92.39% 95.91% 85.90% 92.16%
FIRV 94.53% 90.72% 95.00% 86.01% 90.55%
FOF 69.41% 71.33% 76.86% 64.67% 59.32%
M 95.52% 91.49% 95.97% 88.62% 92.30%
MF 96.83% 93.67% 97.28% 91.89% 94.77%
MA 99.61% 98.58% 99.69% 94.41% 99.39%
MS 86.31% 81.06% 86.58% 75.31% 77.00%
ST 95.77% 93.02% 96.32% 90.79% 92.95%
average 92.27% 89.67% 93.10% 85.66% 88.00%
25% perc 92.48% 88.31% 92.90% 83.25% 87.16%
median 95.77% 93.02% 96.32% 88.93% 92.95%
75%perc 97.34% 94.58% 97.58% 91.54% 95.32%
Table 3.4 shows the mean percentage of correct classification across each
strategy and across each SVM model based on past hedge fund FH betas.
The in sample data is bootstrapped 100 times and are classified and the
percentages presented are the mean of this procedure. Then we give the
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average and the 25th, median and 75th percentile across all strategies are
presented.
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Table 3.5.: In sample standard deviation of percentage of correct classifica-
tion of the SVM models and random benchmark based on hedge
funds FH betas
Investment Objective Linear Quadratic Rbf Polynomial Random
CA 0.22% 1.49% 5.64E-05 1.74% 0.11%
D 0.22% 1.29% 4.47E-05 2.14% 0.09%
EM 0.47% 1.37% 0.03% 1.97% 0.20%
LSE 0.72% 1.32% 0.67% 1.39% 0.42%
EMN 0.32% 1.50% 0.01% 2.01% 0.16%
ED 0.28% 1.51% 0.03% 1.99% 0.21%
FIRV 0.37% 1.79% 0.07% 1.97% 0.24%
FOF 1.28% 2.10% 0.90% 2.39% 0.45%
M 0.64% 1.40% 0.03% 1.79% 0.19%
MF 0.48% 1.12% 0.02% 2.01% 0.18%
MA 0.20% 0.96% 1.90E-15 1.79% 0.05%
MS 0.37% 1.87% 0.20% 2.26% 0.33%
ST 0.50% 1.15% 0.03% 1.82% 0.19%
average 0.47% 1.45% 0.15% 1.94% 0.22%
25% perc 0.27% 1.26% 0.01% 1.79% 0.15%
median 0.37% 1.40% 0.03% 1.97% 0.19%
75%perc 0.53% 1.58% 0.10% 2.04% 0.26%
Table 3.5 shows the standard deviation of percentage of correct classification
across each strategy and across each SVM model based on past hedge fund
FH betas. The in sample data is bootstrapped 100 times and are classified
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and the percentages presented are the standard deviation of this procedure.
Then we give the average and the 25th, median and 75th percentile across






















































































































































































































































































































































































































































































































































































































































































































































































































Table 3.7.: Out of sample mean percentage of correct classification of the
SVM models and random benchmark based on hedge funds
returns
Investment Objective Linear Quadratic Rbf Polynomial Random
CA 65.61% 97.29% 98.67% 90.21% 97.54%
D 90.42% 95.99% 99.32% 81.93% 98.63%
EM 90.62% 93.34% 96.66% 63.61% 93.55%
LSE 71.18% 58.69% 73.26% 65.54% 60.80%
EMN 90.90% 93.65% 98.04% 74.07% 96.14%
ED 44.72% 44.92% 95.99% 69.56% 92.28%
FIRV 74.40% 59.44% 94.37% 62.34% 89.35%
FOF 58.67% 51.66% 63.66% 57.61% 53.73%
M 70.01% 91.82% 95.27% 90.01% 91.03%
MF 86.21% 89.73% 96.48% 86.55% 93.19%
MA 94.66% 83.54% 99.77% 99.35% 99.54%
MS 90.19% 80.70% 92.66% 49.52% 86.39%
ST 87.20% 94.18% 97.57% 90.15% 95.26%
average 78.06% 79.61% 92.44% 75.42% 88.26%
25% perc 68.91% 59.25% 93.94% 63.29% 88.61%
median 86.21% 89.73% 96.48% 74.07% 93.19%
75%perc 90.47% 93.78% 98.20% 90.05% 96.49%
Table 3.7 shows the mean percentage of correct classification across each
strategy and across each SVM model based on past hedge fund returns.
The whole out of sample data is used and is classified and the percentages
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presented are the output of this procedure. Then we give the average and
the 25th, median and 75th percentile across all strategies are presented.
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Table 3.8.: Out of sample mean percentage of correct classification of the
SVM models and random benchmark based on hedge funds FH
betas
Investment Objective Linear Quadratic Rbf Polynomial Random
CA 98.74% 94.88% 98.74% 89.05% 97.54%
D 99.32% 98.32% 99.32% 92.21% 98.63%
EM 95.76% 86.56% 96.66% 91.64% 93.55%
LSE 72.51% 65.56% 73.31% 58.47% 60.80%
EMN 97.98% 91.01% 98.04% 91.39% 96.14%
ED 95.98% 92.86% 95.99% 83.81% 92.28%
FIRV 94.28% 90.49% 94.39% 84.26% 89.35%
FOF 54.73% 62.16% 66.80% 60.89% 53.73%
M 95.26% 92.78% 95.27% 86.60% 91.03%
MF 96.45% 93.03% 96.48% 73.34% 93.19%
MA 99.77% 95.40% 99.77% 96.90% 99.54%
MS 92.71% 71.79% 92.61% 66.30% 86.39%
ST 97.13% 92.36% 97.55% 94.31% 95.26%
average 91.59% 86.71% 92.69% 82.24% 88.26%
25% perc 93.89% 82.87% 93.95% 71.58% 88.61%
median 95.98% 92.36% 96.48% 86.60% 93.19%
75%perc 98.17% 93.49% 98.21% 91.78% 96.49%
Table 3.8 shows the mean percentage of correct classification across each
strategy and across each SVM model based on past hedge fund FH betas.
The whole out of sample data is used and is classified and the percentages
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presented are the output of this procedure. Then we give the average and
the 25th, median and 75th percentile across all strategies are presented.
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Table 3.9.: In sample Root mean squared error (RMSE) of replication of the
3 biggest funds of each category of SVM models and benchmark
Investment Objective Fh C4 Linear Polynomial Rbf Spline
CA 0.0141 0.0156 0.0141 0.0096 0.0127 0.0099
D 0.0237 0.0305 0.0201 0.0136 0.0185 0.0149
EM 0.0221 0.0254 0.0229 0.0157 0.0208 0.017
LSE 0.0262 0.0279 0.0255 0.0156 0.0222 0.0172
EMN 0.0072 0.0065 0.0071 0.0045 0.0062 0.0047
ED 0.0087 0.0097 0.0087 0.0059 0.0081 0.0063
FIRV 0.009 0.0098 0.0089 0.0058 0.0078 0.0061
FOF 0.0128 0.0136 0.0127 0.0091 0.0117 0.0098
M 0.0179 0.019 0.0174 0.0107 0.0151 0.0109
MF 0.0259 0.027 0.0243 0.0144 0.021 0.0152
MA 0.0076 0.0079 0.0076 0.0054 0.007 0.0058
MS 0.0234 0.0252 0.0225 0.0143 0.0198 0.0156
ST 0.0293 0.0314 0.0279 0.018 0.0247 0.0196
average 0.0175 0.0192 0.0169 0.011 0.0151 0.0118
25% perc 0.0089 0.0098 0.0089 0.0059 0.008 0.0062
median 0.0179 0.019 0.0174 0.0107 0.0151 0.0109
75%perc 0.0243 0.0272 0.0232 0.0147 0.0208 0.016
Table 3.9 shows the RMSE of the in sample replication of the 3 biggest funds
based on AUM of each investment objective for 4 SVM models (Linear,
Polynomial, Radial based function and spline) and the Fung and Hsieh 7
factor model and the Cachart 4 factor model benchmarks. The independent
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variables where lagged one month in order to give estimates for next month’s
replication. The RMSE is based on a rolling window of 24 months with
monthly recalibration.
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Table 3.10.: Out of sample Root mean squared error (RMSE) of replication
of the 3 biggest funds of each category of SVM models and
benchmark with yearly recalibration
Investment Objective Fh C4 Linear Polynomial Rbf Spline
CA 0.0191 0.018 0.0149 0.0146 0.0153 0.0177
D 0.068 0.0742 0.0687 0.0675 0.0698 0.0677
EM 0.0535 0.0456 0.0349 0.0305 0.0355 0.0402
LSE 0.0445 0.0439 0.0386 0.0368 0.0388 0.0434
EMN 0.0109 0.0087 0.0114 0.0122 0.0122 0.0121
ED 0.0154 0.0142 0.0142 0.0149 0.0148 0.0228
FIRV 0.0146 0.0137 0.0144 0.0169 0.0151 0.0252
FOF 0.015 0.0192 0.0144 0.0151 0.015 0.0148
M 0.0229 0.023 0.022 0.0222 0.022 0.0224
MF 0.0361 0.0341 0.0311 0.0315 0.031 0.0371
MA 0.0141 0.0138 0.0136 0.014 0.0138 0.0159
MS 0.0246 0.0239 0.0221 0.0232 0.0222 0.0266
ST 0.0356 0.05 0.0335 0.0316 0.0346 0.0417
average 0.0288 0.0294 0.0257 0.0255 0.0262 0.0298
25% perc 0.0149 0.0141 0.0143 0.0149 0.0149 0.0173
median 0.0229 0.023 0.022 0.0222 0.022 0.0252
75%perc 0.0382 0.0443 0.0339 0.0315 0.0348 0.0406
Table 3.10 shows the RMSE of the out of sample replication (one month
ahead) of the 3 biggest funds based on AUM of each investment objective
for 4 SVM models (Linear, Polynomial, Radial based function and spline)
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and the Fung and Hsieh 7 factor model and the Cachart 4 factor model
benchmarks. The independent variables where lagged one month in order
to give estimates for next month’s replication. The RMSE is based on a
rolling window of 24 months with yearly recalibration (1st and 13th month).
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Table 3.11.: Out of sample Root mean squared error (RMSE) of replication
of the 3 biggest funds of each category of SVM models and
benchmark with monthly recalibration
Investment Objective Fh C4 Linear Polynomial Rbf Spline
CA 0.0162 0.0165 0.0158 0.0199 0.016 0.023
D 0.0637 0.0676 0.09 0.0816 0.0716 0.0712
EM 0.0325 0.0321 0.0328 0.0351 0.0321 0.039
LSE 0.0452 0.0422 0.0408 0.0396 0.0391 0.0446
EMN 0.0108 0.0092 0.0109 0.0128 0.0121 0.0154
ED 0.0156 0.0148 0.0144 0.0177 0.0148 0.0206
FIRV 0.0137 0.0142 0.0141 0.015 0.014 0.0175
FOF 0.0154 0.0171 0.0154 0.0156 0.0156 0.0188
M 0.0262 0.0252 0.024 0.0248 0.0235 0.0269
MF 0.0417 0.0361 0.0348 0.0387 0.0333 0.041
MA 0.015 0.0139 0.0136 0.0154 0.0135 0.0146
MS 0.0284 0.0243 0.0236 0.0278 0.0234 0.0281
ST 0.038 0.0364 0.034 0.0392 0.034 0.0433
average 0.0279 0.0269 0.028 0.0295 0.0264 0.0311
25% perc 0.0153 0.0147 0.0143 0.0156 0.0146 0.0184
median 0.0262 0.0243 0.0236 0.0248 0.0234 0.0269
75%perc 0.0389 0.0362 0.0342 0.0388 0.0335 0.0416
Table 3.11 shows the RMSE of the out of sample replication (one month
ahead) of the 3 biggest funds based on AUM of each investment objective
for 4 SVM models (Linear, Polynomial, Radial based function and spline)
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and the Fung and Hsieh 7 factor model and the Cachart 4 factor model
benchmarks. The independent variables where lagged one month in order
to give estimates for next month’s replication. The RMSE is based on a
rolling window of 24 months with monthly recalibration.
139
4. The Disposition effect in Hedge
Funds
4.1. Introduction
Over the last years several studies have documented empirical anomalies
that are not consistent with efficient markets and that generate predictabil-
ity in asset prices. One well known phenomenon in equity markets is the
”disposition effect” The disposition effect refers to investors’ tendency to
sell stock holdings with accumulated capital gains too early and to hold on
to stocks that have accumulated capital loses. This can be interpreted as
implying that investors are risk loving over loses and risk averse over gains,
a fact that goes against the hypothesis of a unique utility function that
characterizes each investor.
To illustrate this phenomenon, consider an investor that holds a stock
that costs 10$ today. After some time the stock goes to 12$ and there is a
probability of 50% that the stock price will go down to 9$ or will go up to
15$. According to the disposition effect the investor will realize the certain
paper gain of 2$ and will not accept the gamble of gaining even more, as she
will behave in a risk averse manner. Equivalently, if the stock goes to 8$,
and thus the investor suffers a paper loss of 2$, there is a 50-50 probability
of the stock going to 5$ or to 11$. According to the disposition effect the
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investor will enter the gamble hoping she will not realize the paper loss of 2$
and she will expect to obtain the potential 3$ gains, resulting in risk loving
behavior.
From the above example it is clear that anomalies in the stock price will
result from investors’ behaviour will force the stock price to overreact de-
pending on paper gains or losses. Although several papers documented the
disposition effect before him, Frazzini (2006) is the first to show how the dis-
position effect provokes an underreaction to public news, and to derive long
short equity portfolios that exploit the resulting stock return predictabil-
ity. However, Frazzini (2006) as well as related studies, focus to the best of
our knowledge, on the disposition effect based on mutual funds holdings and
day trader behaviour. Little is known about whether major institutional in-
vestors such as hedge funds suffer from the disposition effect. Hedge funds
account for almost $2 trillion of assets under management and play an im-
portant role in liquidity provision, price discovery and the efficient allocation
of capital.1
The aim of this paper is to investigate the disposition effect in hedge funds
and how it differs from that exhibited by mutual funds. Hedge funds are
often argued to be smart investors 2 and we examine whether the behavior
of hedge fund managers around news announcements differs dramatically
from that of mutual funds and whether it can explain hedge funds’ supe-
rior performance. Finally we analyze whether there is evidence that hedge
fund managers exploit the suboptimal behaviour cause by mutual funds’
disposition effect The rest of the chapter is organized as follows: in section
2 we review the literature on the disposition effect, identify research gaps
and describe the contribution of this paper. In section 3 we describe the
1http://www.finalternatives.com/node/9918
2Fung and Hsieh (2000)
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methodology and the theoretical framework underlying our study. In sec-
tion 4 we present the data we use in the empirical analysis. In section 5 we
analyze the empirical results and finally in section 6 we present conclusions.
4.2. Relevant Literature
The first researchers to document the disposition effect are Shefrin and Stat-
man (1985) who investigated about the effect based on investors behaviour
in various markets like equity and future markets. Their interpretation of
the effect is based on a combination of two ”behavioural finance” theories:
the ”Prospect theory” of Kahneman and Tversky (1979) and the concept
of ”Mental Accounting” coined by Thaler (1985). Prospect theory proposes
that investors have a sigmoid utility function where they are risk loving over
loses and risk averse over gains. The mental accounting theory proposes a
reference point that determines when loses and gains occur.
Odean (1998) is the first to empirically test the existence of the dispo-
sition effect by examining a big number of accounts of individual investors
using data from a big brokerage firm. He measures the disposition effect by
means of the aggregate proportion of gains realized (PGR) and the aggre-
gate proportion of losses realized (PLR), which are defined as:
PGR =
Realized gains





Realized losses + Paper losses
(4.2)
.
Investors exhibit a disposition effect and as result the stocks that are
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bought tend to underperform the stocks that are sold. In particular, Odean
(1998) tests the following two hypotheses. Hypothesis 1: the Proportion of
Gains Realized ¿ Proportion of Losses Realized. This tests whether investors
tend to sell stocks with gains and keep stocks with losses, the very definition
of the disposition effect. Hypothesis 2: Proportion of Losses Realized -
Proportion of Gains Realized in December ¿ Proportion of Losses Realized
- Proportion of Gains Realized in January - November. This hypothesis
can be used to test whether for tax reasons investors are less keen to the
disposition effect in December, rather than the rest of the year. Odean’s
(1998) results shows that investors exhibit the disposition effect except in
December where sells and buys of stocks are due to tax reasons.
Following the pioneering work of Odean (1998), a large number of pa-
pers investigate further the disposition effect phenomenon. Dhar and Zhu
(2002) shed light on the individual characteristics of investor that exhibit
the disposition effect. Using demographic and other social indicators they
find, that the less ”sophisticated” an investor is the more he suffers from the
disposition effect. Similar to Odean (1998) they test a number of hypothe-
ses. Hypothesis 1: The majority of Investor exhibits the disposition effect.
Hypothesis 2a: Investors with high income are less keen to the effect than in-
vestors with low income. Hypothesis 2b: Investors that are professional are
less keen to the effect than investors that are non-professional. Hypothesis
3: Trading frequency and the disposition effect have a negative relation-
ship. Results show that none of the hypotheses is rejected by the data.
These results raise the interesting question of whether these hypotheses
hold for hedge funds, which are considered sophisticated, professional and
well-remunerated investors. We study this question in detail below. Strobl
(2003) links the disposition effect to information asymmetry. He shows that
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information asymmetry and an investor’s private information plays a role in
the magnitude of the disposition effect exhibited by investors. Grinblatt and
Han (2005) and Kliger and Kudryavtsev (2008) provide further insights into
the disposition effect through a combination of prospect theory and mental
accounting. They propose a new metric that measure the unrealized gains
or losses, based on mutual fund turnover and the ”capital gain overhang”.
They show that controlling for this variable, the momentum phenomenon
vanishes, thus linking establishing a link between momentum and the dis-
position effect. Next they estimate a reference point where an investor sells
(buys) or keep his paper losses (gains), finding that earnings announcements
play a major role. Yet, both these papers do not examine whether stock
return predictability induced by the disposition effect could be exploited by
an investor by means of a trading strategy. Other studies provide further
evidence of the disposition effect. Cici (2005) use data from US mutual
funds, the PGR and PLR measures of Odean (1998) as well as and Fama
- MacBeth regressions to show that mutual funds are very heterogeneous
and the majority of them do not exhibit the disposition effect. However a
fraction of the funds that exhibit it has consistently lower performance than
those that do not exhibit it, leading to a negative relationship between the
disposition effect and fund performance. Choe and Eom (2006) examine the
effect in the Korean Futures Market, and find strong evidence of the dispo-
sition effect and results similar to Dhar and Zhu (2002). There is a negative
relation between the level of sophistication of a fund and the tendency to
suffer from the disposition effect and individual investors are shown to be
more likely to suffer from the disposition effect than institutional investors.
They also find a negative relationship between the disposition effect and
performance. Not all studies are supportive of the disposition effect. Da
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Silva Rosa et al (2006) use UK mutual fund data and find no evidence of
the disposition effect.
Not all explanations of the disposition effect build on prospect theory
and mental accounting. Mauermann and Volkman (2006) follow a purely
behavioral approach and suggest that ”regret and pride” among investors
is the driving mechanism of the effect. Barberis and Xiong (2009) try to
use prospect theory alone to explain the disposition effect in stock markets.
They construct two models based on prospect theory: an annual gain/loss
model and a realized gain/loss model. While the annual version of the model
performs poorly in simulated equity data, the realized one is able to predict
the disposition effect giving additional evidence to the prospect theory /
mental accounting explanation.
To our knowledge, Frazzini (2006) is the only paper that to our knowl-
edge examines trading strategies that exploit the disposition effect and is
therefore most closely related to our study. The author shows that when an
investor exhibits the disposition effect the investor underreacts to the influx
of news. This occurs in particular when the disposition effect (as measured
by a newly proposed ”capital gains overhang” based on holdings) and the
nature of the news has the same sign. This means that when an investor
exhibits the disposition effect and we have positive news for a particular
stock, the investor will tend to sell the stock in order to realize the paper
gains. In the presence of this effect many investors will exhibit this behavior
and the stock price will temporarily fall as a result of excessive selling. But
in time the stock will return to its equilibrium higher price, thus leading
to predictable stock returns. Equivalently we observe the same behavior as
the stock price when we have negative news announcements and negative
capital gains overhang. Frazzini (2006) shows that the combination of these
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strategies may lead to significantly positive alpha strategies.
The above shows that while the disposition effect is quite well docu-
mented, it is overwhelmingly tested based on mutual fund data and in some
limited cases using brokerage data of individual investors which represents
only a small subset of financial market participants. Hedge funds are big
investment vehicles that invest in a more sophisticated and aggressive way
than mutual funds (Fung and Hsieh, 1999). It is important to study whether
this effect is evident among hedge fund managers and whether this behavior
leads to predictability that can be exploited by successful trading strategies.
Additionally we will be able to explain the differences between mutual and
hedge funds’ n decision making and how it relates to their relative perfor-
mance.
4.3. Methodology and theoretical framework
To identify and quantify the disposition we build on concept of Capital Gains
Overhang, proposed in the literature. This measure allows us to identify
(a) stocks that are either held by investors while they should had been sold
earlier or (b) stocks that are sold too early while they should had been
kept in the portfolio. By means of this measure one can form long-short
portfolios of stocks that exploit predictability induced by the disposition
effect.
Frazzini (2006) proposes a capital gains overhang measure based on mu-
tual fund holdings. Grinblatt and Han (2005) note that this measure is a
more efficient way of quantifying the magnitude of the disposition effect as
compared to alternative ones based on turnover, proposed in the literature.
Frazzini (2006)’s measure tries to identify the disposition effect as the
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deviation of the current price from a fund manager’s theoretical reference






where Vt,t−n is the number of shares purchased at time t-n and are still
held by the manager in his portfolio, ϕ =
t∑
n=0
Vt,t−n and Pt−n is the price
of the stock at time t-n. Because a stock can be sold, held or bought
many times during a specific period of time, we used the FIFO method to
determine the reference price. Frazzini’s (2006) analysis builds on so-called
PEAD (post-earnings announcement drift) first studied by Jegadeesh and
Titman (1993) and Fama (1998)). We refer the reader to Frazzini (2006)
for more details on how the measure is constructed.
In order to illustrate the above measure we quote an example from Frazz-
ini (2006) on how to calculate the measure: ”assume that an investor pur-
chases 100 shares at date 0 for P0 = $20 and an additional 100 shares at date
1 for P1 = 23.3, and subsequently sells 120 shares at date 2 for P2 = 22. Of
the 120 shares sold, 100 units are assumed to be drawn from the shares ac-
quired at date 0, which realize a gain, while the remaining 20 shares are sold
at a loss. The total mental gain/loss will be (22− 20) · 100 + (22− 23.3) · 20
and the ”mental book” at the end of period 2 will be given by V2,0 = 0
and V2,1 = 80”. This example is based on the FIFO method and specifies
the variables required to obtain the reference price. For the purposes of our
research we aggregate the sales of each hedge fund and mutual fund at the
stock level each quarter.
After obtaining the reference price for each stock by aggregating across






This is the percentage deviation of the actual stock price at time t from
the reference price at time t. In this way we can observe how much more
a manager could gain or lose by holding the stock at each time t instead of
trading it. The higher gt, is, the stronger the disposition effect for a given
stock and. This measure is more precise then the PGR and PLR measures
of Odean (1998) since it accounts for the whole trading history of each stock
in a given quarter by using actual stock price as a benchmark.
One way to examine whether the disposition effect leads to an efficient
markets anomaly is to examine whether it can be exploited to create a
trading strategy that generates positive risk-adjusted returns. We again
follow Frazzini (2006) and use news shocks for each stock and examine check
the interaction of this news signal with the disposition effect. The intuition
is that if a stock exhibits a high gt it will be oversold in the response to
good news, as managers will try to realize gains as soon as possible instead
of waiting to see further gains accrue in the future. This will lead to a
temporary fall of price as the stock is expected to revert back to equilibrium,
thus inducing predictability that can be taken advantage of. The same
happens in the case of negative news and a very low gt. The funds tend to
hold on to the stock for longer and as a result the price does not fall straight
away. Eventually it reverts to its equilibrium price leading to a predictable
stock price. This predictability may lead to profitable long-short portfolio
strategies.
The aim of this paper is to examine if the disposition effect is present
among hedge fund managers. Hedge fund managers are supposed to be so-
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phisticated investors that employ advanced strategies and leverage in order
to obtain extraordinary returns. Based on the findings of Dhar and Zhu
(2002) one may reasonably expect sophisticated investors such as hedge
funds not to exhibit such suboptimal behavior as the disposition effect.
Our result, however, show the contrary.
Additionally it is very important to see if the disposition effect differs
significantly when it is derived from mutual fund or hedge fund holdings.
This is a very important task, as it may reveal a different explanation for
the hedge fund disposition effect than the usual Prospect Theory/Mental
Accounting one. In order to do so, we carry out a t-statistic test of whether
the taken from the two sources are statistically different, for the same stocks
at a given time t. If we find that that for a significant number of stocks, the
capital gains overhang derived from hedge fund and mutual fund holdings
is statistically different, this would shed new light on disposition effect.
Such a finding may also be the foundation for new theories to explain the
disposition effect, but such an analysis is beyond the scope of this paper.
To better understand better whether the disposition effect in hedge funds
differs from that in mutual funds we examine the characteristics of stocks
that are affected by the disposition effect. We follow Daniel, Grinblatt,
Titman and Wermers (1997) and split stocks in 5 quintiles with three basic
characteristics: Size, Book-to-Market and Momentum. As a result we end
up with 125 possible combinations. By sorting stocks into quintiles we are




We use the Thompson-Reuters holdings database to obtain stock holdings
for US mutual funds and hedge funds for years January 1997 to March 2008.
The CRSP stock data base provides us with stock prices and returns. We
also use the Fama - French factors to obtain portfolio alphas, take from the
French website.3
Since our focus is on whether the disposition effect is present in the mutual
and hedge fund industries, we do not distinguish funds based on their of
investment strategies. We using information from the data base on whether
funds self-declare as hedge funds and whether stock trading is their major
activity (for example Long/Short Equity Funds) or not (for example Fixed
Income Arbitrage Funds). We include all funds that have positive stock
holdings. We focus hedge funds’ long holdings since their short positions
are not publicly available. Since purpose of this paper is to examine the
disposition effect in hedge funds, in particular whether it leads to stock
price predictability, this data limitation does not hamper our analysis.
We focus on the US stock holdings from January 1997 to March 2008
and identify 9106 mutual funds with relevant stock holdings. For the same
period we identify 3638 hedge funds in the data.
[INSERT TABLE 4.1]
As we see from table 4.1 we have the capital gains overhang for mutual
funds and Hedge funds. We observe similar behavior of the measure with the
exception of the extreme negative we found in the hedge fund case. This also
gave us more extreme values for the higher moments, showing that we can
find differences between the two cases. As a robustness check, we compare
3http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data library.html
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our summary statistics for mutual funds for the 1997-2008 period those
reported in Frazzini (2006) for the 1980-2002 period. We find that they
are of similar order of magnitude. Our value for gt is -0.51 while Frazzini
(2006) reports a value of -0.15 for the equally-weighted mean. Higher order
moments such as standard deviation and skewness are also similar between
the two samples. Any remaining differences may be partly explained by
differences in the two sample periods.
In order to create the earning announcements signal we use the cumulative
abnormal return from one day before the earnings announcement to two
days after. If this cumulative return is positive we have a positive earnings
signal and if it is negative we have a negative one.
4.5. Empirical Results
Based on the capital gains overhang measures we are not in a position to
investigate the existence of the disposition effect in hedge funds and com-
pare our findings for hedge funds to those of mutual funds. To benchmark
our results against existing studies and to study how the disposition effect
evolves over time we split our sample into two periods (1997-2002 and 2003-
2008). We compare our results with those of Frazzini (2006) who carried
out his analysis up over the period 1980-2002. As time passes managers
may learn and become more sophisticated, which may result in lower pre-
dictability. Finally we try to shed light on the difference between the capital
gains overhang measure derived for hedge funds and that derived for mutual
funds. If for a significant number of stocks we observe statistical differences
between the two measures, this may have implications for theoretical expla-
nations of the disposition effect.
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4.5.1. Portfolio Analysis
To investigate the magnitude of predictability that the disposition effect
in hedge funds induces, we form long/short portfolios by (a) going long
stocks that exhibit high capital gains overhang and positive earnings an-
nouncement and (b) short stocks that exhibit low capital gains overhang
and negative earnings announcements. We follow Frazzini’s (2006) termi-
nology and call this spread portfolio the overhang spread. It is formed by
the top and bottom 20% of stocks displaying the characteristics described
above. We then hold these portfolios for one, two, and three months in order
to document the dependence of the results on the time horizon. If a dispo-
sition effect is present in hedge funds, we would expect the overhang spread
portfolios to deliver positive risk-adjusted returns. We also construct a con-
trarian portfolio, labeled the Negative Overhang Spread by Frazzini (2006).
It is defined as the zero-cost portfolio that holds the top 20% good news
stocks in the bottom (negative) overhang quintile and sells short bottom
20% bad news stocks in the top (positive) overhang quintile. This strategy
is expected to deliver statistically insignificant alphas or negative significant
alphas, since it is against the theory prediction that good (bad) news and
high (low) capital gains overhang stocks exhibit predictability.
[INSERT TABLE 4.2]
Table 4.2 shows that the overhang spread portfolio delivers highly positive
and statistically significant risk-adjusted returns or alphas in all holding
periods. We use the three-factor Fama-French (1996) model to calculate
alphas. For the 1 month horizon, we obtain return of 1.7 percent per month
(t-statistic of 2.1) or 20 percent per year. These overhang spread portfolio
returns are a similar order of magnitude as those reported by Frazzini (2006)
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who reports an alpha of 2.07 percent per month based on mutual fund
holdings.
For longer holding periods the overhang portfolio alphas are economically
and statistically significant for the 2 months holding period. The two month
alpha is 1.61 percent per month (19 percent per year) and the three month
alpha is 1 percent per month (12 percent per year) with t-statistics of 2.1
and 1.4 respectively. Overall, these results are consistent with a disposition
effect exhibited by hedge funds. The alpha of the top 20% and bottom 20%
percent portfolios in columns 1 and 2 are correctly signed and statistically
significant except for the sell portfolio for the 3 month period, something
that made the Overhang spread portfolio for this holding period statistically
insignificant. For the negative overhang spread, as expected, the alphas are
negative and some are significant (1 and 2 months holding periods) and
others insignificant (3 months case).
[INSERT FIGURES 4.1 AND 4.2]
To examine the economic value and stability of the return of the over-
hang spread portfolios based on hedge fund holdings, Figure 4.1 plots the
cumulative wealth of one dollar invested in the hedge fund based overhang
spread. The annual alphas reported by Frazzini (2006) are between 25 and
30 percent per year. These are economically large numbers and the over-
hang spread strategy alphas that we report a similar order of magnitude.
To examine the total return of the overhand spread portfolio instead of
just its risk-adjusted or alpha performance, we plot the cumulative growth
of $10,000 invested in the different positive overhand spread portfolios over
the 12 years from 1997 until 2008. The 1 and 2 month rolling period returns
lead to a cumulative wealth of over $60,000. For comparison, an investment
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in the S&P 500 (the ’Market’) would have grown to over $20,000 over the
same time period. In early 2008 the overhand spread portfolios experience
a significant drop, but still outperform the S&P500 dramatically over the
full period.
Of course, in the baseline case, the long-short equity strategy underly-
ing the capital gains overhand strategy ignores transaction costs and other
practical investment constraints such as short-selling constraints. Some of
the stocks included in the portfolios may be difficult to borrow or be small
stocks with large transactions costs. Including transaction costs may re-
duce the out-of-sample performance and we examine this as part of our
extensions.
In order to benchmark on how the strategy works we need to examine the
results of the same PEAD strategy taken from stocks with a capital gains
overhang derived by mutual fund managers and we see this in table 4.3.
[INSERT TABLE 4.3]
Table 4.3 reports the positive and negative capital gains overhang strategy
alphas for mutual fund holdings during the same sample period (1997-2008).
It is based on a long-short equity strategy that exploits the post-earnings
announcement drift resulting from mutual fund holdings. Similar to Frazz-
ini (2006) we find that the portfolio that buys stocks with the top 20 percent
positive capital gains overhang and good news generates large and statisti-
cally significant alphas of 1.8 percent per month for 1 month rolling period
but insignificant and lower alphas for the 2 and 3 months periods. This is
again because as the holding period gets longer, the sell signal form news
and capital gains overhang gets weaker, so we have insignificant positive
alphas for the sell portfolios and this leads to insignificant alphas for the
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overhang spread portfolios. For the 1980-2002 periods Frazzini (2006) re-
ports alphas of 2.1, 2.5 and 2.4 percent per month. Consistent with Frazzini
(2006) we find that the negative overhang spread portfolio generates nega-
tive alphas. In contrast to the positive overhang spread results, the negative
overhang spread alphas are not statistically significant however. Overall, in
our more recent 1997-2008 time period we find lower risk-adjusted returns
for the overhang spread portfolio than Frazzini (2006)’s 1980-2002 period.
[INSERT FIGURES 4.3 AND 4.4]
When we look at the case of mutual funds in figures 4.3 and 4.4 we observe
that the cumulative wealth they produce is similar to the Hedge fund case
but with the 2 and 3 month holding periods to have lower cumulative wealth
according to the findings in table 4.3. The negative overhang spread shows
similar behaviour as in the hedge fund case.
What explains these differences? One potential explanation may be that
the differences are due to different sample periods. In order to investigate
this further, we split our sample into two periods, one pre-2002 and one
post-2002, in order to find evidence of change in the practise of hedge fund
and mutual fund managers.
4.5.2. Portfolio analysis by post and pre 2002 periods
In Table 4.4 we report the PEAD strategy discussed above for the period
1997-2002. For the case of hedge fund the results show that the buy portfolio
delivers higher significant alphas (2.4, 2.3 and 1.7 with t-stats of 2.1, 2.5 and
1.9 for 1,2 and 3 months holding respectively) than the whole period while
it the alphas of the sell side get worse (positive and insignificant for the 2
and 3 months holding period). As a result this leads to higher overhang
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spreads but less significant. These changes suggest that as time passes
managers probably learn more and are less exposed to the disposition effect.
The negative overhang portfolio gives negative and insignificant returns as
expected.
[INSERT TABLE 4.4 AND FIGURES 4.5 AND 4.6]
When we examine the cumulative wealth figures of pre 2002 performance
of hedge funds Overhang and Negative Overhang spreads we observe that
the performance reflects the reported alphas. As holding periods increase,
cumulative wealth gains are lower.
For pre-2002 performance for mutual funds we observe in table 5 more
rational behaviour especially in both sides of the overhang spread portfolio.
This is something Frazzini has mentioned as well. However the long short
portfolio does not deliver statistically significant alphas for the 1 month case
while it does for the 2 and 3 months cases. This is majorly due to the fact
that the sell portfolio signals deliver alphas with correct signals and more
significant. Here too the alphas are higher than the whole period. Finally in
the negative overhang spread portfolios, theory is confirmed once again by
having negative and insignificant alphas. Figures 4.7 and 4.8 gives further
evidence on this statement as we clearly see lower wealth.
[INSERT TABLE 4.5 FIGURES 4.7 AND 4.8]
In table 4.6 we report results based on hedge fund holdings in the post
2002 period. Now here we observe a more inconclusive situation with most
of the holding period on the overhang spread portfolios delivering non sig-
nificant alphas but positive. Table 4.6 gives clear evidence that as time
passes hedge fund managers become more sophisticated and do not exhibit
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the disposition effect or they exhibit it in a minimal way. This is consistent
with view that hedge fund managers are more sophisticated than mutual
fund managers. However, this result is more evident in the latest years
[INSERT TABLE 4.6 AND FIGURES 4.9 AND 4.10]
Finally in table 4.7 we see the post 2002 performance for the mutual
fund case. It is not similar with the hedge fund case, as results here we
see that the alphas get higher but slightly insignificant so we observe that
for mutual funds managers have not really got better significantly as for
hedge funds. Frazzini’s results show a different behaviour but he starts
his analysis from 1980, where markets are completely different than they
are now. The cumulative wealth figures are very illustrated of the above
mentioned statements.
[INSERT TABLE 4.7 AND FIGURES 4.11 AND 4.12]
4.5.3. Differences between hedge fund and mutual fund
capital gains overhang
As we have observed before in Tables 4.2 to 4.7 it is clear that disposition
effect in mutual funds and hedge funds differs. In order to investigate this
in a statistical way we tested the statistical significance of the difference of
the capital gains overhang measure taken by mutual funds and that taken
by hedge funds, for the same stock and for the same period of time. If the
difference for a given stock is statistically different from 0 it means that
the two measures are different and the disposition effect exhibited by hedge
fund and mutual fund managers is different. This might have implications
for theoretical explanations of the sources of the disposition effect. Figure
4.13 shows the distribution of the p-value of testing the difference between
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the two measures for each stock that had at least two common quarters of
capital gains overhang.
[INSERT FIGURE 4.13]
It is clear that for the vast majority of funds in the 5% level and in
the 10% level the two measures are statistically different, showing that the
same stock at the same period is traded completely different by hedge funds
and mutual funds. This explains the differences we observe in the PEAD
strategies and tells that the causes of the disposition effect in hedge funds
needs further investigation which however goes beyond the scopes of this
paper.
[INSERT TABLE 4.8]
Additionally, in order to illustrate more the differences between the stocks
showing the disposition effect dictated by hedge funds and those dictated
by mutual funds we see the DGTW stock characteristics of the Overhang
Spread and the negative Overhang spread. It is evident that the nature of
the stocks between hedge funds and mutual funds do not differ significantly
in terms of momentum characteristics as hedge Funds trade similar mo-
mentum stocks while they chose stocks with close size and book-to-market
values. This does not show clearly the fact that the disposition effect in
hedge funds is different in nature than that in mutual funds.
4.6. Conclusions
In this paper we investigated the disposition effect in hedge funds. The
disposition effect is a very well know phenomenon in the financial literature
and has been documented and explained vastly, using majorly mutual fund
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data and holdings. This is the first time someone tries to explore this effect
using hedge fund holdings data. We find the disposition effect is strongly
evident in hedge funds and using PEAD strategies one may take advantage
of the predictability in stocks that it provokes. On the other hand for the
same period mutual funds show similar evidence of the disposition effect,
while it is less stable than in the case of hedge funds. When we consider two
periods of pre and post 2002, we observe that in both cases as time passes
managers become smarter and are less keen to exhibit the disposition effect.
Also we observe that in the post 2002 period which is characterised as a quite
volatile period in the world’s economy, the disposition effect is less stable.
Finally when we test for the statistical difference between the capital
gains overhang of mutual funds and those of hedge funds we observe that
for the vast majority of stocks the difference is statistically different than
zero, meaning that the two measures are very different in nature. This may
lead to further investigation of the causes of the disposition effect in hedge
funds, however it goes beyond the scopes of this paper.
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Table 4.1.: Sum stats of CGO
Mean Median Min. Max. St.Dev. Kurtosis Skewness
-0.29 0 -8.19 0.97 0.95 22.11 -3.84
Hedge funds
Mutual Funds -0.51 0.06 -6.04 0.73 1.43 8.45 -2.41
This table presents summary statistics for the Capital gains overhang mea-
sure based on mutual fund (MF) and hedge fund (HF) holdings across all
stocks. We report the mean, median, minimum, maximum, standard devi-

































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































High CGO/Good News 2.16 2.481 4.111
Low CGO/Bad News 1.611 2.546 2.388
High NCGO/Good News 2.124 2.391 3.973
Low NCGO/Bad News 1.692 2.677 2.518
Panel B
Size B/M Mom.
High CGO/Good News 2.14 2.652 4.146
Low CGO/Bad News 1.772 2.485 2.509
High NCGO/Good News 2.155 2.596 3.999
Low NCGO/Bad News 1.83 2.576 2.6
This table reports the average DGTW quintiles for all stocks in the positive
overhang spread portfolios and the negative overhang spread portfolio (rows
3 and 4) for the period 1997-2008. Panel A reports results for hedge funds.
Panel B reports results for mutual funds.
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Figure 4.1.: Cummulative wealth of 1 dollar invested in the Overhang
Spread Strategy for the case of Hedge Funds.
In this graph we get the cummulative wealth of one dollar invested in the
Ovrehang spread strategy for Hedge Funds. The time period is from January
1997 until March 2008. We present it for 1,2 and 3 months holding periods.
We also report the S&P 500 as a benchmark.
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Figure 4.2.: Cummulative wealth of 1 dollar invested in the Negative Over-
hang Spread.
In this graph we get the cummulative wealth of one dollar invested in the
Negative Overhang spread strategy for Hedge Funds. The time period is
from January 1997 until March 2008. We present it for 1,2 and 3 months
holding periods. We also report the S&P 500 as a benchmark.
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Figure 4.3.: Cummulative wealth of 1 dollar invested in the Overhang
Spread Strategy for the case of Mutual Funds.
In this graph we get the cummulative wealth of one dollar invested in the
Ovrehang spread strategy for Mutual Funds. The time period is from Jan-
uary 1997 until March 2008. We present it for 1,2 and 3 months holding
periods. We also report the S&P 500 as a benchmark.
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Figure 4.4.: Cummulative wealth of 1 dollar invested in the Negative Over-
hang Spread Strategy for the case of Mutual Funds.
In this graph we get the cummulative wealth of one dollar invested in the
Negative Ovrehang spread strategy for Mutual Funds. The time period is
from January 1997 until March 2008. We present it for 1,2 and 3 months
holding periods. We also report the S&P 500 as a benchmark.
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Figure 4.5.: Cummulative wealth of 1 dollar invested in the Overhang
Spread Strategy pre-2002 for the case of Hedge Funds.
In this graph we get the cummulative wealth of one dollar invested in the
Ovrehang spread strategy for Hedge Funds. The time period is from January
1997 until 2002. We present it for 1,2 and 3 months holding periods. We
also report the S&P 500 as a benchmark.
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Figure 4.6.: Cummulative wealth of 1 dollar invested in the Negative Over-
hang Spread Strategy pre-2002 for the case of Hedge Funds.
In this graph we get the cummulative wealth of one dollar invested in the
Negative Ovrehang spread strategy for Hedge Funds. The time period is
from January 1997 until 2002. We present it for 1,2 and 3 months holding
periods. We also report the S&P 500 as a benchmark.
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Figure 4.7.: Cummulative wealth of 1 dollar invested in the Overhang
Spread Strategy pre-2002 for the case of Mutual Funds.
In this graph we get the cummulative wealth of one dollar invested in the
Overehang spread strategy for Mutual Funds. The time period is from
January 1997 until 2002. We present it for 1,2 and 3 months holding periods.
We also report the S&P 500 as a benchmark.
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Figure 4.8.: Cummulative wealth of 1 dollar invested in the Negative Over-
hang Spread Strategy pre-2002 for the case of Mutual Funds.
In this graph we get the cummulative wealth of one dollar invested in the
Negative Overehang spread strategy for Mutual Funds. The time period is
from January 1997 until 2002. We present it for 1,2 and 3 months holding
periods. We also report the S&P 500 as a benchmark.
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Figure 4.9.: Cummulative wealth of 1 dollar invested in the Overhang
Spread Strategy post-2002 for the case of Hedge Funds.
In this graph we get the cummulative wealth of one dollar invested in the
Ovrehang spread strategy for Hedge Funds. The time period is from January
2002 until March of 2008. We present it for 1,2 and 3 months holding
periods. We also report the S&P 500 as a benchmark.
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Figure 4.10.: Cummulative wealth of 1 dollar invested in the Negative Over-
hang Spread Strategy post-2002 for the case of Hedge Funds.
In this graph we get the cummulative wealth of one dollar invested in the
Negative Ovrehang spread strategy for Hedge Funds. The time period is
from January 2002 until March of 2008. We present it for 1,2 and 3 months
holding periods. We also report the S&P 500 as a benchmark.
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Figure 4.11.: Cummulative wealth of 1 dollar invested in the Overhang
Spread Strategy post-2002 for the case of Mutual Funds.
In this graph we get the cummulative wealth of one dollar invested in the
Ovrehang spread strategy for Mutual Funds. The time period is from Jan-
uary 2002 until March of 2008. We present it for 1,2 and 3 months holding
periods. We also report the S&P 500 as a benchmark.
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Figure 4.12.: Cummulative wealth of 1 dollar invested in the Negative Over-
hang Spread Strategy post-2002 for the case of Mutual Funds.
In this graph we get the cummulative wealth of one dollar invested in the
Negative Overehang spread strategy for Mutual Funds. The time period is
from January 2002 until March of 2008. We present it for 1,2 and 3 months
holding periods. We also report the S&P 500 as a benchmark.
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Figure 4.13.: Distribution of P-value of statistical difference between CGO
of MF and HF.
In this graph we present the distribution of p-values when testing the dif-
ference in means for the g measure taken from mutual funds and hedge
funds.
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5. Conclusions and Further
Research
In this chapter we present the general conclusions we reach from all three
papers presented here. We illustrate the main findings and the contribution
to the existing literature. Additionally we also give an insight to the limi-
tation and problems we face so far and we suggest potential solutions and
also further research possibilities.
5.1. General Conclusion
In this thesis we investigate various aspects of hedge funds and in particular
the risk decomposition, the classification and replication of hedge fund re-
turns and the presence of the disposition effect among hedge fund managers
trades. We contribute to the literature in the above areas by using advanced
modeling tools and algorithms like Independent Component Analysis and
Support Vector Machines, as well as looking at the new datasets available
like the hedge fund equity holdings. We find that the use of these tools
and models are able to explain better the risk, classify and replicate hedge
fund returns more accurately than the classic linear models widely used and
proposed in the literature and also we find that evidence of the disposition
effect in hedge funds.
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In particularly, in chapter 2 we create an alternative factor type model
for hedge funds by deriving internal factors from the hedge fund returns
themselves. We do so with the help of an advanced signal processing tech-
nique called Independent Component Analysis (ICA). ICA is a method for
dimensionality reduction similar to Principal Component Analysis (PCA).
However in ICA the components we derive are not just uncorrelated as in
the case of PCA but they are independent, and this means we achieve to
obtain independence beyond the first two moments. This is a key advantage
of ICA over PCA as the components we obtain are the true underlying risk
factors rather than an orthogonal transformation of the original data. We
are able to produce investable interpretable factors by projecting linearly
each component we derive using the minimization of the Bayesian informa-
tion criterion (BIC) and thus creating an alternative internal factor model
using 8 components.
The results we obtain show that the ICA factor model gives a better
explanatory power in hedge fund returns in terms of than the classic bench-
mark models. Additionally the ICA factors are able to give interpretable
risk factors in contrast with PCA that fails to do so. When we test for the
alpha persistence and predictability of the models, by forming portfolios
of hedge funds based on the t-statistic of the alphas of the models, again
we observe that the ICA model outperforms the benchmarks in terms of
various portfolio performance measures (cumulative wealth, alpha, Sharpe
Ratio) in an out of sample context. When we rank funds on R¯2 following
Titman and Tiu (2008) and again we find that ICA are able to capture
the systematic risk much better than the benchmark model, as reflected by
alphas and Sharpe Ratios.
In chapter 3 we investigate the classification and replication of hedge
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fund returns using a statistical learning algorithm called Support Vector
Machines (SVM). SVM is a non linear model that is able to classify and
regress data with non linear features and properties, like those of hedge fund
returns. As in the literature so far every paper uses just past returns in
order to classify hedge funds in different investment styles or categories, we
introduce here the use of risk exposures in the form of betas of a factor model
(in our case the Fung and Hsieh (2001) 7 factor model) as an alternative
source of information for classification. Additionally we use various non
linear forms of the Support Vector Regression (SVR-The regression version
of SVM) and a big dataset of linear and non linear classic asset classes in
order to achieve a month to month replication of individual large hedge
funds and we compare our findings to classic linear replication models.
The results of this chapter show that when we consider a one against
all supervised type of classification, the SVM models, and especially the
non-linear radial based function, gives a high accuracy classification both
in sample and out of sample. However it is evident that when we use
risk exposures instead of past returns, the accuracy of the classification
increases in all cases, showing that the betas on risk factors are much more
informative and appropriate for classification than just past returns. In the
same context, for the replication task we find that the SVR models are
able to replicate next month’s hedge fund returns better than their linear
counterparts in terms of root mean squared error (RMSE). Furthermore we
show that the SVR models do not need a frequent recalibration as they show
stability over time and also avoid overfitting problems, something that it is
a well known problem for learning type models like SVR.
Finally in chapter 4 we shed some light in the presence of the disposition
effect in hedge funds and how it differs from that of mutual funds. The
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disposition effect refers to investors’ tendency to sell stock holdings with
accumulated capital gains too early and to hold on to stocks that have
accumulated capital loses. With the use of the holdings based Capital Gains
Overhang (CGO) measure, which shows the magnitude of how much a stock
is traded due to the disposition effect, and its combination with news shock
signals, we form long short portfolios for various holding periods in order
to examine their performance and if it is according to the disposition effect
theory. We also split the sample of holdings and news signals in two to seek
for differences in the behaviour of hedge fund managers across time. Finally
we check for differences in nature of the disposition effect in hedge funds
with that of mutual funds.
We find strong evidence of the disposition effect in hedge funds, especially
in the one month holding period. This goes in contrast with the belief that
hedge fund managers are more sophisticated than mutual fund managers
as both asset classes suffer from the disposition effect. However we show
that as time passes, hedge fund managers become more intelligent and less
keen to the disposition effect. Finally, statistical testing shows that the
disposition effects drawn by hedge funds and mutual funds are very differ-
ent in nature, leading to the conclusion that hedge fund managers must
be driven from other reasons than the prospect theory/mental accounting
explanation, which is supported for the case of mutual funds.
5.2. Limitations and further research
Although we see that we get interesting results in all problems we investi-
gate, there can be limitations and further research must be conducted in
order to provide even more robust explanations and results. In chapter 2
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we observe that for funds that are exhibiting high non linearities (for ex-
ample the Fixed-Income based funds), even though we have an increase in
explanatory power of the risk model, it is still quite low. Additionally, as
the ICA model is an internal factor model, to get as much more accurate
and stable components as possible, one needs a very big dataset of hedge
funds, as it is evident that for internal factor models the larger the dataset,
the more stable and stronger the components derived. And for the case
of hedge funds this is an important limitation as hedge fund returns and
AUMs are much more limited to find and of course expensive to obtain. In
the future we intend to add more non-linear factors (as the option based
factors of Agarwal and Naik (2004) and Fung and Hsieh (2001)) for the in-
terpretation of the components, in order to increase the explanatory power
of the ICA model. One can also apply alternative portfolio construction
techniques rather than just form equally weighted portfolios as we do for
the sale of simplicity.
In chapter 3 when we account for the classification task, the major lim-
itation is the dimensionality of the problem, which is extremely high, and
makes the classification difficult, especially for the bigger and broader invest-
ment categories like Long/Short Equity, Funds of Funds and Multi-Strategy
funds. When we account for the replication task, we only conduct an ex-
ternal replication, meaning that we only use external classic asset classes in
order to replicate returns, without the use of intrinsic information available
for each fund. . Criton and Scaillet (2010) propose that this may be solved
by following a stepwise classificationn task, lowering the dimensionality sig-
nificantly. What is more we intend to also use internal information of the
funds (costs, fees, redemption periods, management quality, taxes etc), in
order to extend to the replication to an internal replication.
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Finally in chapter 4, the major drawback in our analysis is the lack of the
short sells that hedge funds do, thus allowing us only to explain the dispo-
sition effect in hedge funds on the long side. Having access to the short side
as well, we are able to have a better insight in the nature of the disposi-
tion effect in hedge funds. Additionally we want to examine the previously
unexplored link between the fact that hedge fund investment advisors, who
serve tax-exempt clients, may have no incentive to sell stocks with negative
prior returns for tax purposes, and differences in the disposition effect and
performance between hedge and mutual funds.
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A. Description of the Financial
Factors used for the
interpretation of ICs
In order to interpret the ICs we use a vast range of financial factors. Here
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